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Abstract
The skin and integumentary system allowed for terrestrial life to evolve. It did so in a world already
dominated by a wide variety of microorganisms capable of inhabiting the outermost surfaces of our
bodies. As so-called “next-generation sequencing” has influenced the past generation of scientific inquiry,
so has our ability to observe the communities of microorganisms residing in association with their human
hosts. Culture-independent and high-throughput sequencing technologies have provided the required
tools to sequence a large portion of the DNA-bearing populations of life within a sample taken from a
human body site of interest, thus giving us the required resolution to profile the composition of microbial
communities. Shotgun metagenomic sequencing techniques can yield insight into the metabolic and
functional capability of a microbial community. The specifics of how metagenomics and other
technologies can be utilized for conducting research on the skin microbiome, as well as the required tools
and recommended practices for analyzing microbial data, is described in the following section of this
work. Moreover, the use of sequencing DNA barcodes in the bacterial 16S rRNA gene, a process
sometimes referred to as metabarcoding, has allowed for the relatively quick and cheap analysis of skin
microbial communities in studies of humans, animals, or the environment. However, there is still room for
improvement of computational processing and algorithms used to accurately and precisely identify the
bacteria from which the DNA encoding a region of the 16S rRNA gene was sequenced, thus increasing the
accuracy of the overall research. We detail a program we developed that takes advantage of a Bayesian
framework and the inherent structure of phylogenetic relationships between bacteria for determination of
taxonomic identification in the third section. The remaining sections detail two studies of the skin
microbiome, the former being an analysis of community temporal dynamics in an acute wound setting.
Notably, this study reveals an association between the convergence of a wound’s microbiome with the
microbiome of “healthy” adjacent skin and the speed at which that open fracture wound heals. The last
section details an investigation of the cutaneous host response to the presence of microbiota.
Specifically, we compared epidermis from germ-free mice to conventionally raised (colonized) mice in
regard to gene expression (RNA-Seq), lipid composition, physiological attributes, and skin barrier function.
Together, this work shows how computational processes can be used to better understand the hostmicrobe interactions in skin health and disease.
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ABSTRACT

FURTHER DEFINING EPIDERMAL FUNCTION THROUGH
DECIPHERING HOST-MICROBE INTERACTIONS IN THE SKIN

Casey B Bartow-McKenney
Elizabeth A Grice, PhD

The skin and integumentary system allowed for terrestrial life to evolve. It did so in a world
already dominated by a wide variety of microorganisms capable of inhabiting the
outermost surfaces of our bodies. As so-called “next-generation sequencing” has
influenced the past generation of scientific inquiry, so has our ability to observe the
communities of microorganisms residing in association with their human hosts. Cultureindependent and high-throughput sequencing technologies have provided the required
tools to sequence a large portion of the DNA-bearing populations of life within a sample
taken from a human body site of interest, thus giving us the required resolution to profile
the composition of microbial communities. Shotgun metagenomic sequencing techniques
can yield insight into the metabolic and functional capability of a microbial community. The
specifics of how metagenomics and other technologies can be utilized for conducting
research on the skin microbiome, as well as the required tools and recommended
practices for analyzing microbial data, is described in the following section of this work.
Moreover, the use of sequencing DNA barcodes in the bacterial 16S rRNA gene, a
process sometimes referred to as metabarcoding, has allowed for the relatively quick and
cheap analysis of skin microbial communities in studies of humans, animals, or the
environment. However, there is still room for improvement of computational processing
vi

and algorithms used to accurately and precisely identify the bacteria from which the DNA
encoding a region of the 16S rRNA gene was sequenced, thus increasing the accuracy of
the overall research. We detail a program we developed that takes advantage of a
Bayesian framework and the inherent structure of phylogenetic relationships between
bacteria for determination of taxonomic identification in the third section. The remaining
sections detail two studies of the skin microbiome, the former being an analysis of
community temporal dynamics in an acute wound setting. Notably, this study reveals an
association between the convergence of a wound’s microbiome with the microbiome of
“healthy” adjacent skin and the speed at which that open fracture wound heals. The last
section details an investigation of the cutaneous host response to the presence of
microbiota. Specifically, we compared epidermis from germ-free mice to conventionally
raised (colonized) mice in regard to gene expression (RNA-Seq), lipid composition,
physiological attributes, and skin barrier function. Together, this work shows how
computational processes can be used to better understand the host-microbe interactions
in skin health and disease.
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CHAPTER 1 - THE SKIN AND THE MICROBES IT HOSTS

1.1 Introduction

The skin as an organ comprises the vast majority of the body’s interface with the external
world. Through a unique physiology and biochemistry, the epidermis, the outermost layer
of the skin, creates a regenerating sheet of cells that undergo dehydration and
cornification, enucleation, and lastly, desquamation, a programmed proteolytic sloughing
and separation from the underlying cells. This seemingly disruptive process, alongside a
unique extracellular environment that is both acidic and low in abundance of easily
digested nutrients, somehow hosts a milieu of microorganismal life commonly referred to
as a microbiome. The microbial life residing on the skin, the skin microbiome, has been
associated with causing, exacerbating, as well as potentially ameliorating skin pathologies
and diseases. Examination of how the skin microbiome plays a role in both health and
disease was made possible over the past two decades with the advent of next-generation
sequencing (NGS), the ability to sequence large amounts of DNA at a fraction of the cost
it did a decade earlier, in addition to the massive computational power that has become
available through the continuation of Moore’s law. Using this relatively new technology to
investigate our relationship with “our microbes” has yielded insight into our evolutionary
history with microorganisms, with a large portion of said research being focused on
prokaryotes, or bacteria specifically.

1

This body of work examines the complicated relationship between the skin and the
bacteria it hosts, both as a meta-analysis of how to best conduct research on the skin
microbiome and accurately analyze the data, as well as from medically- and biologicallyrelevant perspectives. This first chapter provides background to the concepts drawn upon
in later chapters, including the physiology of the epidermis and an overview of recent
research done on the host-microbe interactions of the skin.

1.2 The Physiology and Biochemistry of the Epidermis

The epidermis is the outermost layer of the skin, providing a barrier against desiccation,
physical injury, and chemical injury, as well as creating an inhospitable environment which
stymies overgrowth or infection by the ubiquitous microorganisms able to inhabit the skin
(Madison, 2003; Tobin, 2006; Wicket, 2006). The epidermis is composed primarily of
keratinocytes which undergo a programmed cycle of proliferation and differentiation, with
the former providing a continuous supply a new cells, and the latter contributing to the
physical structure of the epidermis, and forming outer layers of basket-weaved cells,
eventually reaching terminal differentiation (Madison, 2003; Baroni, 2012). Through this
process, the physical “bricks” of the skin barrier, keratinocytes, also participate in multiple
programmed processes associated with epidermal differentiation, including the
development of intercellular junctions that further bolster the structural integrity of the skin.
They also participate in a regulated secretion of enzymes, lipids, and other compounds
into the intercellular spaces, creating a hydrophobic and dense “mortar” capable of further
binding the “bricks” into a functional barrier (Madison, 2003; Wickett, 2006).

2

The hydrophobicity of the keratinocytes, which are slowly desiccated as they ascend away
from the epidermal-dermal interface towards the skin’s surface, in conjunction with the
intercellular hydrophobic molecules such as free fatty acids (FFAs), keratin fibers,
ceramides, and cholesterol, creates a wax-like seal, maintaining water content and overall
hydration of the underlying cells, a function that allowed for the evolution of more complex
terrestrial life (Elias, 1983). Moreover, the net negative charge of FFAs and ions released
through ion channel regulation maintains a pH ranging from 5 to 7 in most mammals
(Hanson, 2002; Schmid-Wendtner & Korting, 2006).

The most superficial layer of the epidermis, the stratum corneum, functions as the primary
interface between our body and the environment, and as such, relies on the transformation
of keratinocytes into corneocytes, cells lacking their nucleus, and thus cellular activity,
truly embodying the aforementioned metaphoric “brick.” This enucleation prevents the
hijacking of cellular machinery by external organisms and viruses, infection, as well as
mutations in the DNA caused by their direct exposure to UV radiation or other putative
causes of physical and chemical injury (Madison, 2003).

Deep to the stratum corneum are respectively, the stratum granulosum, stratum
spinulosum and the stratum basale, where the proliferating cells border the suprabasal
layer of the dermis (Brandner, 2010). Each layer, or stratum, contributes to the production
and maturation of keratinocytes into corneocytes. The last step of epidermal differentiation
is desquamation, a process beginning at the border of the stratum granulosum and
stratum corneum. This process entails the degradation of intercellular junctions and
anchoring proteins by proteases, releasing the enucleated corneocytes from the stratum
corneum, thus allowing the epidermis to continually remove all damaged and
3

environmentally-exposed cells as replacement cells move from the stratum granulosum
into the stratum corneum (Candi, 2005). The tumultuousness of cellular renewal,
sloughing, and external processing of hydrophobic and acidic lipid species presents an
objectively inhospitable environment. Yet, culture-dependent and -independent studies
over the past century have uncovered diverse and specialized microbial communities with
roles in skin health and disease (Chiller et al., 2001; Grice et al., 2009).

1.2.1 Intercellular junctions of the epidermis

Epidermal structure and function relies heavily on intercellular junctions connecting
keratinocytes together through protein-protein interactions and cross-linked structural
proteins (Madison, 2003). The three major intercellular junctions relevant to epidermal
structure and function are adherens junctions, tight junctions, and (corneo)- desmosomes
(Brandner, 2010; Haftek, 1997).

Corneodesmosomes are epidermal-specific intercellular junctions first appearing as
desmosomes in the deeper layers of the epidermis. They are comprised of two classes of
cadherins, desmogleins (DSGs) and desmocollins (DSCs), anchored to the plasma
membranes of keratinocytes by plaque proteins including plakophilins (PKPs), junction
plakoglobin (JUP), desmoplakin (DSP), envoplakin (EVPL), periplakin (PPL), and plectin
(PLEC) (Cirillo, 2014; Zhou et al., 2017).

The cadherins undergo replacement with alternative DSG and DSC proteins during
differentiation until reaching the stratum granulosum at which point desmoglein-1 and
desmocollin-1 are the predominant species (Brandner et al., 2010; Jonca et al., 2002;
4

Haftek et al., 1997). In the granular layer, corneodesmosin (CDSN), an adhesive protein,
is secreted and incorporated into the desmosome, demarcating the transition into a
corneodesmosome. New cadherins are no longer interchanged within this junction as
transglutaminase 1 (TGM1) crosslinks the subunits to the membrane of keratinocytes as
part of the cornification process (Eckhart, 2013).

1.2.2 Cornification

Cornification, sometimes referred to as “keratinization,” is the process by which
keratinocytes degrade their nucleus and replace their cytoplasm with large polymerizing
keratin filaments that are subsequently covalently bound to the membrane-bound
anchoring proteins of intercellular junctions (Bragulla, 2009; Echkart, 2013). This scaffold
of keratins and intercellular junctions, along with other structural proteins released or
polymerized during the cornification phase preceding terminal differentiation, provide
mechanical strength to the skin. Although many specific pathways and sub-processes are
also involved with cornification, the end result is an enucleated corneocyte, depleted of
other cellular organelles coated in modified proteins cross-linked together, as well as to
the lipids of the cellular membrane as part of a programmed transglutamination process.
These lipid-rich, proteinaceous, and hydrophobic units of structure are interlinked to other
corneocytes, producing a large lattice of intercellular proteins.

The intercellular regions of these specialized lattices are filled with lipid lamellae
composed of phospholipids, sterols, sphingolipids, and other lipid species (Jungersted,
2008; Madison, 2003). An important aspect of differentiation entails the secretion of golgiderived organelles termed “lamellar granules” into the intercellular spaces of the upper
5

granular layer creating the lamellar bilayers embodying the “mortar” of the skin. These
lipid-rich membranes largely define the hydrophobicity and semi-permeability of the
stratum corneum.

1.2.3 Lamellar bilayers and cornified lipid envelopes

In addition to lipids, lamellar granules also secrete enzymes involved in lipid metabolism,
such as sphingolipid processing, as well as the proteases that eventually participate in the
degradation of corneodesmosomes and other structural proteins during desquamation
(Madison, 2003; Wickett, 2006). Notably, antimicrobial proteins and lipids are also thought
to be released from lamellar granules, thus providing one avenue of epidermal hostmicrobial crosstalk.

Lipids from the lamellar bilayer, the membrane of keratinocytes, as well as lipids such as
acylceramides, which are biosynthesized in the intercellular regions of the upper
epidermis, are covalently bonded to membrane-bound proteins and other structural fibers
by enzymes known as transglutaminases (Echkart, 2013; Choi & Maibach, 2005). The
“hardening” of the cellular membrane leads to a cornified envelope, and the covalent
linkage of exogenous sphingolipids and fatty acids leads to the cornified lipid envelope. It
is at this point that the structural basis of a corneocyte has reached its full functional
potential and becomes a “brick” that will eventually be sloughed away from the lipid-rich
“mortar” by secreted extracellular proteases and natural physical abrasion.

1.2.4 Epidermal specialization
6

Although it is outside the scope of this body of work, the epidermis can be diverse in its
presentation, such as horns or hooves, as well as in cell type and function, where nonkeratinocyte cells contribute to specialized invaginations and local structures such as
sweat glands or hair follicles through cellular differentiation and specialization (Bragulla,
2009). Notably, the skin also includes immune cells such as Langerhans cells and T-cell
lymphocytes (Salmon, 1994). These immune cells participate in an innate immune system
capable of fighting off minor infections, and are also thought to rely partially on
keratinocytes, which can participate in immune functions such as secretion of antimicrobial
peptides. As such, we hereafter focus on the major cell-type, keratinocytes, for their
metabolic potential and barrier function.

1.3 The Skin Microbiome

The microbiome broadly refers to the consortium of microorganisms that can be defined
by the environment in which it resides, the function it serves in a biological or geological
system, or even the subjective “quality” of the average constituent (Chiller et al., 2001;
Grice et al., 2009; Findley at al., 2013). In this body of work, we treat the skin microbiome
as the assemblage of bacteria residing on a certain region of the skin.

Distinct communities on the skin are defined by local skin environment, i.e. whether the
site is frequently moist, such as an armpit; sebaceous, such as a forehead; dry and
exposed, such as a forearm (Grice & Segre, 2011). Additional factors, including occlusion
of the site, whether clothing or natural body invagination keeps the site predominantly
covered, the type of environment you reside in, and even whether you cohabitate with
7

pets, shapes the features of a specific skin site, thus defining the local chemistry of
metabolic activity; resulting in specific changes to the composition and dynamics of the
skin microbial community (Azad, 2013; Grice & Segre, 2011; Mändar, 2015).

An issue with studying the microbiome, or any prokaryote, is the issue of defining a
“species,” or the taxonomic level that defines a distinct and individual bacterium. While we
know that some common abundant genera such as Propionibacterium, Corynebacterium,
Staphylococcus, and Streptococcus reside on the skin, distinct species, and even strains,
within these genera can drastically change the implications of their detection. In most
microbiome research, a distinct group of very similar sequences, which we term an
Operational Taxonomic Unit (OTU), has become the de facto nomenclature for one
member of the microbial community (Schloss & Handelsman, 2005; Schloss & Westcott,
2011).

1.3.1 How we study the skin microbiome

One of the unique aspects of prokaryotes is the conservation of the DNA sequence
encoding the 16S ribosomal subunit; the 16S rRNA gene. The sequence of this otherwise
conserved gene contains “hypervariable regions,”

which serve as mostly unique

identifiers of bacterial OTUs, or closely related bacterial species and/or strains (Caporaso,
2011; Weisburg, 1991). The conserved regions interspaced between the hypervariable
regions allow for the design of PCR primers to amplify and sequencing one or more
hypervariable regions. This technique captures a snapshot of the microbial community
composition

within

a

given

sample,

a
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process

known

as

“metabarcoding,”

“metataxonomics,” or more precisely, “amplicon-based sequencing of the 16S rRNA gene”
(Taberlet, 2009).

These types of analyses yield counts of sequenced 16S rRNA gene amplicon reads,
typically grouped by and assigned to a taxonomic level, thus resulting in a dataset of
different bacterial taxa and their “abundance,” be it relative (percentage-based) or
absolute count of total reads. Such community compositions can then be grouped by
sample type, group type, or other discriminatory factors for comparison of microbial
population structures, as well as dynamics when combined with longitudinal or crosssectional sampling. Notably, these “downstream” analyses rely on a framework of a host
of bioinformatic algorithms and linear algebra that can be easily overlooked when running
computer programs that may take a day or two return your results, all of which is evoked
by a single line of user-inputted commands. Chapter 3 introduces a novel program,
HmmUFOtu, for the processing and analysis of amplicon-based sequencing, with an
intentional emphasis on 16S rRNA amplicons as bacterial populations have the most
comprehensive set of phylogenetic history connecting hundreds of thousands of species
or OTUs. In the development of the algorithm and exposition of the chapter, all biological
assumptions and computational algorithms underpinning every step of the taxonomic
identification and phylogenetic placement of amplicon-based sequencing datasets are
further explicated.

Given enough access to financial and computational resources, some studies have used
shotgun sequencing to analyze the complete genomic content of microbial populations, a
technique referred to as “Shotgun metagenomic sequencing.” The use of this sequencing
technique for studying microbial populations has adopted “metagenomics” as its moniker,
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or the study of all genomes in a given sample or dataset (Chen, 2005). This technique is
expensive, both monetarily and computationally. However, you gain deeper insight into
the microbial communities compared to amplicon-based sequencing, including complete
16S rRNA gene sequences, which can help with speciation of bacteria to lower taxonomic
levels otherwise achieved through analyzing shorter amplicon sequences. Additionally,
when assembled, these genomes can give insight into what genes are present in a given
community, which when analyzed alongside curated databases of gene identity and
function, such as KEGG, can codify the metabolic and functional profiles of microbial
communities (Kanehisa & Goto, 2000). However, the remaining sections do not rely on
whole-genome shotgun sequencing or metagenomics, but more information on this and
similar topics can be found in Chapter 2.

1.3.2 Microbial associations with skin health and disease

The structure and membership of the microbiota inhabiting our skin have been associated
with skin diseases and disorders, such as acne vulgaris, atopic dermatitis, and psoriasis
vulgaris (Fitz-Gibbon et al., 2013; Kong et al., 2012; Gao et al., 2008). Moreover, the skin
microbiome has been implicated as a factor in the delayed healing of both acute and
chronic wounds (Bartow-McKenney et al., 2018; Kalan et al., 2016; Loesche et al., 2018;).

However, commensal bacterial species and strains isolated from our skin have also been
found to be beneficial for skin health and preventing infection by pathogens (Cogen et al.,
2010). A 2016 study by Bomar et al. demonstrated that Corynebacterium accolens, a skin
commensal, degrades a triacylglyceride (TAG) released by cells of the inner nares,
releasing a free fatty acid that is toxic to the pathogen Streptococcus pneumoniae (Bomar
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et al., 2016). Other benefits attributed to our skin microbiome includes the production of
antimicrobial peptides against known pathogens, antibiotic production, and even signaling
interference (Cogen et al., 2012; Nakatsuji, 2017). Such interactions are likely to exist
elsewhere on the body, and especially on the skin given the wide biodiversity of niches.
These interactions, once fully understood, can be used as part of the treatment of
microbial-associated skin disorders. A study published in 2018 touted the successful use
of “microbiome transplants,” for treatment of atopic dermatitis through the enrichment of
Roseomonas mucosa, a species associated with low pathogenicity of Staphylococcus
(Myles, 2018).

1.3.3 Microbial modulation of host function

In addition to the findings expounded in Chapter 5, further research into direct
mechanisms may help us better understand our co-evolutionary history through
elucidating the biochemistry of such mechanisms. This may too reveal the scientific
background needed for novel treatments or therapeutics that, directly, or even indirectly
through informed and deliberate disruptions to the microbiome, improve features of skin
health.

Studies performed in the murine gut have revealed the impact antibiotics have on intestinal
gene expression, specifically the shift of cells from a transcriptional profile similar to a
healthy colonized mouse gut, to that of profile found in cells of mice that had been reared
germ-free (Gury-BenAri, 2016). A similar study performed 2 years earlier found that over
40% of the differentially expressed genes in a gut treated with antibiotics were similarly
11

regulated with the genes differentially expressed between non-treated colonized guts and
germ-free guts (both up- or down-regulated), indicating an role for the gut microbiome in
host gene expression (Morgun, 2014). We explore the presence and impact of such a
system as it would exist in the skin in Chapter 5, and further detail potential future
directions in Chapter 6.

As our connectedness to the microbial world, and the unique role it plays in dictating our
health becomes apparent, studies are now focused on targeted engineering of microbial
communities. Such approaches already show promise as a prophylactic against
pathogens and a therapeutic for skin disorders (Nakatsuji, 2017; Myles, 2018).
Additionally, understanding the full impact a microbiome can have on the development
and functionality of specific organs and body sites will uncover novel functions, raising the
opportunity for artificial interventions through biologically-relevant pathways. Although the
potential for such lofty achievements exists, a large amount of research is still needed to
better understand the full extent of how our body interacts with bacteria directly through
immune detection, indirectly through metabolic and genetic modulation, as well as modes
of communication that have yet to be discovered.
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1.4 Motivations of Thesis Work and Outline

As numerous associations are made between our health and our microbiomes, the
evolutionary importance of microbial colonization has been barely broached, especially in
the skin. Through investigating how and where our body relies on exogenous sources of
life, we can begin to understand a deeper commensalism that defines humans as the
amalgam of all life in and on what we consider to be our body. Moreover, these
mechanisms may yield a more mechanistic understanding of skin health that may inform
or even embody treatments for skin diseases and pathologies such as psoriasis, atopic
dermatitis, infection, and inflammation.

In order to understand such relationships, an adequate study design and set of
experiments need to be constructed to address the questions at hand. In Chapter 2, we
discuss a set of “best practices” for studying the skin microbiome, analyzing the data, and
drawing meaningful and statistically appropriate conclusions from said experiment. In the
chapter, we briefly mention a novel tool we developed for analyzing data from ampliconbased sequencing. In Chapter 3, we thoroughly discuss this tool, HmmUFOtu (Hidden
Markov Model [HMM]-based Ultra-Fast OTU tool) and its performance on both simulated
and experimental datasets compared to similar tools in the field. In Chapter 4, specimens
from 52 subjects with open fracture wounds were analyzed for their microbial community
associations with clinical characteristics of the patient and the wound. Lastly, in Chapter
5, we outline an in-depth analysis of the murine skin microbiome and how the gene
expression profiles, structure, and biochemistry of the epidermis are strongly associated
with the presence or absence of a skin microbial community.
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Altogether, this body of work examines the requirements and necessities of conducting
research on the skin microbiome and also highlights our knowledge of the skin’s
relationship with its microbes through two independent studies.
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CHAPTER 2 - RESEARCH TECHNIQUES MADE SIMPLE: PROFILING THE
SKIN MICROBIOTA

The contents of this chapter have been published in:

Grogan, M.D., Bartow-McKenney, C., Flowers, L., Knight, S.A., Uberoi, A. and
Grice, E.A., 2019. Research Techniques Made Simple: Profiling the Skin
Microbiota. Journal of Investigative Dermatology, 139(4), pp.747-752.

2.1 Authors’ Contributions

All authors participated in drafting and finalizing the manuscript and figures.

2.2 Abstract

Skin is colonized by microbial communities (microbiota) that participate in immune
homeostasis, development and maintenance of barrier function, and protection from
pathogens. The past decade has been marked by an increased interest in the skin
microbiota and its role in cutaneous health and disease, in part due to advances in nextgeneration sequencing platforms that enable high-throughput, culture-independent
detection of bacteria, fungi, and viruses. Various approaches, including bacterial 16S
ribosomal RNA gene sequencing and metagenomic shotgun sequencing, have been
applied to profile microbial communities colonizing healthy skin and diseased skin
including atopic dermatitis, psoriasis, and acne, among others. Here, we provide an
overview of culture-dependent and -independent approaches to profiling the skin
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microbiota and the types of questions that may be answered by each approach. We
additionally highlight important study design considerations, selection of controls,
interpretation of results, and limitations and challenges.

2.3 Introduction

The skin is an ecosystem that supports the growth of a plethora of indigenous microbiota
consisting of bacteria, fungi, mites, and viruses. Skin commensal microbes coexist with
the host and contribute to tissue integrity and immune homeostasis. Perturbation of skin
commensal microbial communities can influence normal skin health, predispose skin to
pathogenic colonization, and contribute to inflammatory dermatological disorders. The
goal of most skin microbiota surveys is to identify individual taxa (e.g., genera, species,
strains) or community features (e.g., diversity, richness) that are associated with a
phenotype or a perturbation. Profiling the skin microbiota is often a jumping-off point for
studies that seek to establish causation and/or to dissect the molecular and biochemical
mechanisms of host-microbe crosstalk through reductionist approaches. Furthermore,
because microbes are exquisitely sensitive to their environment, they are a reservoir of
potential biomarkers that could inform the status of skin health, distinguish between
variations of disease, or suggest optimal treatment approaches. Therefore, exhaustive
analyses of skin microbiota can not only provide better understanding of cutaneous
processes and diseases but can also suggest targets for developing therapies.

With a growing appreciation for the importance of the human microbiome has come a
surge in the development of next-generation sequencing technology and analytical tools
that serve as the workhorses for characterizing microbial communities. Historically,
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detection and characterization of skin microbiota has depended on culture-based
methods. Next-generation sequencing–based methods eliminate the biases associated
with isolating and culturing microbes in the laboratory to more precisely profile the
composition of microbial communities.

Amplicon-based sequencing is the most common strategy used to construct community
profiles of skin microbiota. This method has been extensively used to characterize
bacterial communities by targeting the highly conserved 16S ribosomal RNA (rRNA) gene,
which contains hypervariable regions that are widely divergent among different bacterial
taxa (Lane et al., 1985). More recently, metagenomic shotgun sequencing has been used
for both taxonomic and functional annotation of skin microbial communities. This approach
captures multikingdom communities (including fungi, viruses, and archaea) at the strainlevel resolution and enables reconstruction of the community-level microbial genetic
repertoire. Here, we provide an overview of the current approaches used to profile skin
microbiota, the metrics associated with each, and the bioinformatic tools that are
commonly used to analyze and visualize data. Please refer to Box 1 for definitions of terms
used commonly throughout, as well as misnomers to avoid.

2.4 Approaches and Methods

2.4.1 Collection and processing of skin microbiota specimens and controls

The first step in any study to profile the skin microbiota requires collection of a microbial
specimen (Figure 1), and the collection technique can profoundly influence study results.
Although a standardized protocol for skin microbiome studies remains to be established,
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many investigators use a noninvasive, easy-to-perform swabbing technique. Collection
techniques, including preparation of the skin, were recently comprehensively reviewed by
Kong et al. (2017). Whatever technique is chosen, its application should be consistent
across all specimens that are collected and compared in the study. A well-designed study
also controls for factors that might affect the existing skin microbial community or expose
skin to foreign communities (Goodrich et al., 2014). For example, many studies exclude
participants whose skin was exposed to systemic or topical antimicrobials. DNA extraction
techniques also should be consistent across studies and ideally performed using
purposely designed kits that use a combination of chemical and physical lysis methods
(e.g., detergents and bead beatings), followed by an isolation protocol that minimizes DNA
loss and contamination (Goodrich et al., 2014).

Negative controls are a critical component of any well-designed skin microbiome study
because they allow empirical assessment of background contamination from reagents and
the environment. This is of particular concern for skin samples that are relatively low in
bioburden (Salter et al., 2014), and proper steps need to be taken to minimize and/or
remove contaminants (de Goffau et al., 2018, Kim et al., 2017). A negative control, nullexposure specimen should be collected and processed through DNA extraction, library
preparation, and sequencing exactly as the experimental specimens. It is also critical to
include positive controls. Sequencing of a mock community, containing microbial DNA
from known organisms in known quantities, allows one to benchmark experimental
approaches and pipelines. These positive controls can be generated and validated in
house or purchased from a repository.
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2.4.2 Amplicon-based sequencing approaches

The 16S rRNA gene provides a highly suitable target for bacterial classification by DNA
sequencing. A description of this method, as it applies to the skin microbiome, has recently
been described in the “Research Techniques Made Simple” series (Jo et al., 2016). In
brief, this region of the bacterial genome consists of conserved and hypervariable regions
and, in particular for the skin microbiome, the V1–V3 region was found to yield accurate
results for taxonomic classification (Meisel et al., 2016). The V4 primers that are commonly
used in studying microbiota from the gastrointestinal tract (Caporaso et al., 2012) require
some minor modifications to capture the highly prevalent and abundant skin microbe
Cutibacterium acnes (Zeeuwen et al., 2017). For the analysis of fungal communities,
regions of DNA between the 18S, 5.8S, and 28S rRNA genes, termed internal transcribed
spacers, contain both hypervariable regions and conserved regions for taxonomic
identification and primer annealing, respectively. The internal transcribed spacer
sequence resides in a much broader phylogenetic population and is thought of as a more
“universal barcode” for fungi, but the variation also comes with less accuracy and
specificity in taxonomic identification (Schoch et al., 2012). Additionally, fungi are less
studied, and thus, their phylogenetic placement through computational methods and
expert-based curation of phylogenetic relationships are lacking, which can be a limiting
factor.

Most investigators rely on institutional cores or commercial operations to perform the
sequencing. Here, we will focus more on the computational pipeline of analysis, which
starts with the input of raw sequence data and ends with statistical analysis and graphical
representation of the microbial communities (Figure 1). The current recommended
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pipeline tools are QIIME2, mothur, and HmmUFOtu (Caporaso et al., 2010, Kuczynski et
al., 2011, Schloss et al., 2009, Zheng et al., 2018). The first step in the pipeline is
preprocessing, in which sequencing errors are eliminated. The next step is grouping of
DNA sequences into operational taxonomic units (OTUs). This grouping is based on
similarity or sequences that are close based on a defined sequence distance metric
(Rossello-Mora and Amann, 2001). Because it is highly likely that all microbes in an
environment are not known, OTUs have become the standard for cataloging the
microbiome (Rossello-Mora and Amann, 2001, Schloss and Handelsman, 2005).

This process of OTU picking can be achieved in two ways: by matching sample sequences
to a database of reference sequences (such as Greengenes [DeSantis et al., 2006]), or
alternatively, the sequences can be clustered into de novo OTUs with no references. Once
clustered, these OTUs are mapped to known sequences to determine the taxonomic
composition of the sample (Caporaso et al., 2010, Zheng et al., 2018). At this stage in the
pipeline, the output is an OTU table (formatted as a delimited text file or BIOM file). This
table includes all OTUs identified; their abundance, or number of reads, found in each
sample; and, usually, the taxonomy assigned to each OTU. The level of taxonomic
classification varies in accuracy and is dependent on the region of the 16S rRNA gene
sequenced and the identity of microbes in the sample. Results given at the species level
should be interpreted cautiously unless customized (e.g., skin-specific) databases are
being used (Conlan et al., 2012, Meisel et al., 2016).

Once taxonomic assignment is complete, the typical next step in the pipeline is to examine
the diversity of the microbiome both within and between different samples, termed alpha
and beta diversity, respectively. Most of the tools for this analysis were developed by the
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field of ecology and have been adapted to microbial community ecology. The pipeline tools
QIIME2 or mothur have built-in plugins or programs to perform these analyses directly,
but many alternative tools exist, particularly for users with statistical and bioinformatics
backgrounds. A large collection of these downstream tools, such as those in the vegan
package (Oksanen et al., 2018), can be installed into an R environment. R is an opensource computer language/environment designed for statistical analyses and graphical
presentation of data (R Core Team, Vienna, Austria). A widely used R tool is phyloseq,
which offers an intuitive suite of functions to aggregate data, perform statistical analysis,
and graph the results (McMurdie and Holmes, 2013).

2.4.3 Statistical analysis and graphical presentation

Typically, microbiome data are nonparametric; the distribution of data (OTUs) is unknown,
and thus, assumptions about the distribution should not be made when selecting statistical
tests. Consequently, nonparametric statistics need to be used. For example, in place of t
tests, an appropriate choice is the Mann-Whitney/Wilcoxon rank-sum test. Instead of
applying an analysis of variance (i.e., ANOVA) test across more than 2 groups, the
Kruskal-Wallis one-way analysis of variance test can be used, and the Spearman rank
correlation coefficient should be used rather than the Pearson when examining cooccurrence of OTUs and/or taxa. Additionally, microbiome data are inherently
multidimensional and thus require specialized tools. One of these is UniFrac (Lozupone
and Knight, 2005), which uses a distance matrix that incorporates phylogenetic distances
in comparing dissimilarity of microbial communities between two or more samples (beta
diversity).
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Multidimensional data can be challenging to display visually; three-dimensional graphs
can be difficult to interpret, and four dimensions and greater cannot be drawn. To
overcome this, a procedure termed principal component analysis (i.e., PCA) can be used.
This is a statistical technique that transforms large sets of observations into a set of
uncorrelated variables termed principal components, which emphasize the major
differences in the data. The first principal component has the largest variation in the data,
the second principal component has the next largest variation and is unrelated to the first.
The first and second principal components are then plotted as a two-dimensional graph.
Other methods that perform this task are nonmetric multidimensional scaling (i.e., nMDS),
of which principal coordinates analysis (i.e., PCoA) is a subtype. The details of these
methods are beyond the scope of this review, but they permit statistical analysis to be
performed on the data in the form of a permutational multivariate ANOVA, or
PERMANOVA. These statistical and graphical tools are available in the vegan R package.
Many other statistical methods have been adopted for more specific analyses and
graphing of microbiome data, including defining community types through Dirichlet
multinomial clustering and identifying biomarkers by testing multiple decision tree models,
in a process known as random forests, both of which can be performed in the R
environment.

2.4.4 Shotgun metagenomic sequencing

Shotgun metagenomic sequencing, or the untargeted sequencing of all microbial
genomes present in a specimen, is considerably richer in providing information than
amplicon-based profiling approaches. Unlike amplicon-based sequencing, where specific
primers are targeted to regions of rRNA genes, DNA is prepared for shotgun
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metagenomics by random fragmentation, addition of barcoded sequencing tags, and
limited cycle amplification (Figure 1). Because shotgun metagenomics captures a greater
variety of gene content in a sample, multikingdom compositions at strain-level resolution
(an example can be found in Oh et al. [2014]), as well as functional profiles for
communities, are captured. Shotgun metagenomics have provided key insights into the
skin microbiome in atopic dermatitis, including the role of strain-level variation of
Staphylococcus aureus (Byrd et al., 2017) and mechanistic understanding of how
microbial metabolic pathways are altered to enhance ammonia production and increase
skin pH (Chng et al., 2016).

Two different analytical approaches are used for shotgun metagenomic data sets:
assembly-based and read-based profiling (for a comprehensive discussion, the authors
recommend Quince et al. [2017]). Although read-based, assembly-free profiling is faster
and mitigates issues with assembly, it relies on reference genomes at the expense of
uncharacterized microbes that have no references available. A popular tool to generate
taxonomic profiles without assembly is MetaPhlan, which maps shotgun reads to
reference marker genes (Segata et al., 2012). These data may then be used to derive the
alpha and beta diversity metrics previously described. Functional profiles can be produced
using the HUMAnN tool (Abubucker et al., 2012) or similar, which takes the DNA reads
and maps them against universal gene-protein databases. This allows identification of the
proteins encoded by the DNA and functional pathway linkage of the proteins.

2.4.5 A case for integrating culture-dependent and -independent approaches
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Sequencing technologies have illuminated the diversity of microbial species on the skin.
However, when evaluating microbial data observed from sequencing-based techniques, it
is important to recognize the limitations. The approaches described measure only the
presence of DNA in a sample. They are unable to show if the species was recently
acquired or is a stable community member, a transient member, or deceased. The
standard practice to identify microbial species in clinical settings relies on culture-based
techniques. This traditional approach should not be disregarded in the design of research
studies that take advantage of sequencing technologies, because culture-based
techniques are able to identify viable organisms.

Ideally, samples for culturing should be processed immediately after collection. Depending
on the study objective, various media and growth conditions can be used to quantify
specific organisms. To successfully culture organisms that are traditionally difficult to grow,
such as strict anaerobic bacteria, swabs should immediately be handled in anaerobic
conditions. Therefore, if the study objective is to gain a comprehensive quantification of
the most abundant microbial species, then separate specimens should be collected for
aerobic and anaerobic growth. Once isolated, colonies can be identified either by 16S
rRNA gene sequencing, matrix-assisted laser desorption/ionization–time-of-flight mass
spectrometry (i.e., MALDI-TOF), or whole-genome sequencing, and comparisons can be
made with culture-independent profiles obtained by sequencing-based approaches.

As described previously, reagent contamination is a major problem for low-bioburden
microbial samples, including skin samples; examination of culture-based data and
literature allows one to assess the plausibility of observing a given species in the
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ecosystem of the skin (de Goffau et al., 2018). For example, it is highly unlikely that
extreme halophiles or thermophiles would be present on the skin, because the conditions
and nutrients are not consistent with the biology of these microorganisms; nonetheless,
results such as these continue to be reported in the literature in the absence of meaningful
control data. Therefore, we urge readers to critically examine their data in the context of
the biology of the microorganisms observed, which can be inferred from culture-based
techniques.

2.5 Conclusions and Future Directions

Culture-independent approaches for examining the skin microbiota have their own
limitations that warrant consideration. These include but are not limited to (i) the inability
to distinguish live versus dead organisms; (ii) reliance on reference databases that
exclude uncharacterized microbes; (iv) reagent and environmental contamination, that
when not properly controlled for, result in conclusions that are not consistent with
cutaneous biology; and (iv) associative data sets that are unable to distinguish cause and
effect. Additionally, the low bioburden of the skin has limited the application of techniques
such as metatranscriptomics, which would allow the assessment of transcriptionally active
microbiota. Because many of the analytical approaches require reference genomes, future
efforts should focus on building comprehensive reference databases of skin-specific
microbes, including yeasts, bacteria, viruses, and other microeukaryotes such as
Demodex species. Even though a goal of the National Institutes of Health Human
Microbiome Project was to create 3,000 microbial reference genomes for this purpose, at
present count, only 124 of the 1,556 total genomes sequenced were derived from skin
(Joint Genome Institute, 2019). Finally, increased attention to robust study designs and
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inclusion of essential controls will enable the interpretation and translation of skin
microbiome studies and their biological and/or clinical relevance.
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2.8 Figures

Fig 1: Approaches to profiling the skin microbiota
A specimen is collected and then subjected to culture-dependent and/or cultureindependent techniques. Typical workflows for amplicon-based sequencing and shotgun
metagenomic sequencing are compared. Examples of output for each are shown as a
stacked bar plot depicting relative abundances of bacteria and a heatmap illustrating
enrichment of different genetic and metabolic pathways among samples. OTU,
operational taxonomic unit; rRNA, ribosomal RNA.
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CHAPTER 3 - HmmUFOtu: AN HMM AND PHYLOGENETIC PLACEMENT BASED
ULTRA-FAST TAXONOMIC ASSIGNMENT AND OTU PICKING TOOL FOR
MICROBIOME AMPLICON SEQUENCING STUDIES

The contents of this chapter have been published in:

Zheng, Q., Bartow-McKenney, C., Meisel, J.S. and Grice, E.A., 2018.
HmmUFOtu: An HMM and phylogenetic placement based ultra-fast taxonomic
assignment and OTU picking tool for microbiome amplicon sequencing studies.
Genome biology, 19(1), p.82.

3.1 Authors’ Contributions

QZ designed the algorithms, implemented HmmUFOtu, and submitted data to SRA; CBM
helped benchmark performance with the QIIME pipeline; JSM designed the workflow
charts and helped analyze the mock community datasets; EAG provided resources,
funding, and supervision; QZ, CBM, and EAG composed the manuscript.

3.2 Abstract

Culture-independent analysis of microbial communities frequently relies on amplification
and sequencing of the prokaryotic 16S ribosomal RNA gene. Typical analysis pipelines
group sequences into operational taxonomic units (OTUs) to infer taxonomic and
phylogenetic relationships. Here, we present HmmUFOtu, a novel tool for processing
microbiome amplicon sequencing data, which performs rapid per-read phylogenetic
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placement, followed by phylogenetically informed clustering into OTUs and taxonomy
assignment. Compared to standard pipelines, HmmUFOtu more accurately and reliably
recapitulates microbial community diversity and composition in simulated and real
datasets without relying on heuristics or sacrificing speed or accuracy.

3.3 Background

Culture-independent amplification, sequencing, and analysis of phylogenetic marker
genes, such as the prokaryotic 16S ribosomal RNA (rRNA) gene, enables communitywide analysis of the diversity and composition of host-associated and environmental
microbiota. These approaches heavily rely upon computational methods to cluster
amplicon sequences into groups representing putatively conspecific sequences
(operational taxonomic units [OTUs]) and to infer taxonomic and phylogenetic
relationships [1]. As sequencing costs decrease and throughput increases, tools for
processing and analyzing these rapidly expanding datasets must also improve with
respect to speed, computational burden, and accuracy.

A typical analysis workflow first assigns sequences to OTUs, then selects a representative
sequence from each OTU, and all downstream taxonomic and diversity analyses are
performed with the representative sequences (Fig. 1a). Taxonomic-based analyses allow
investigators to assign an identity to sequences and then infer biological and functional
attributes based on relationships to previously characterized and/or cultured taxa. OTUbased analyses are agnostic to taxonomic definitions; however, current clustering
methods apply similarity thresholds (e.g. 97% similarity for species-level) that erroneously
assume a stable rate of evolution across the length of the gene [2, 3]. The required
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selection of a representative sequence from each OTU for taxonomic assignment and
downstream analyses further compounds error and bias in OTU selection methods since
this process precludes global optima due to the loss of information in the remaining
sequences in an OTU. Together, these methods are widely used for profiling microbial
communities; however, many serious practical concerns arise when considering their
application to growing collections of 16S rRNA amplicon sequences.

Commonly used OTU picking methods can be classified as de novo (e.g. cd-hit, BLAST,
prefix/suffix/trie, UCLUST, USEARCH, Swarm, SortMeRNA, Mothur), closed-reference
(“phylotyping;” e.g. uclust_ref, usearch_ref) or open-reference (“hybrid;” e.g. [4, 5, 6, 7, 8,
9]). They differ, respectively, in whether sequences are compared to each other, a fixed
reference dataset, or a combination of both approaches. Because pairwise comparison of
sequences becomes computationally expensive with increasing sequencing depth,
present OTU picking methods often use a heuristic when comparing reads, thereby
compromising accuracy and efficacy. Open-reference OTU picking is the default and
developer recommended methods for OTU clustering in QIIME [10], a popular pipeline for
performing microbial community analysis, though this method is well-known to result in
inflated diversity estimates and to compromise the quality of the downstream data analysis
[11, 12, 13].

Further compounding these sources of error and bias, presently preferred taxonomic
assignment methods utilize distance-based methods, by identification of the closest
reference sequence among pair-wise comparisons (e.g. BLAST, UCLUST) [6, 9] or in a
multiple-alignment profile (e.g. RDP classifier) [14]. These taxonomic assignment
methods have their respective advantages and disadvantages, but all neglect to
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incorporate established phylogenetic organization of known reference microorganisms.
This exclusion can likely be attributed to the increased complexity of integrating reference
phylogenetic information, due to the large number of reference sequences at a usable
resolution (e.g. ~ 200,000 reference sequences in the GreenGenes 97% OTU “species
level” reference tree) [15].

Here, we present a novel strategy that addresses the limitations described above in the
processing of microbial amplicon-based sequencing reads for the analysis of microbial
community composition and diversity. We developed HmmUFOtu, a software tool that: (1)
aligns sequences; (2) places every single- or paired-end read into a known reference tree;
and (3) performs phylogeny-based OTU clustering, based on either observed leaves or
inferred ancestors (Fig. 1b). The revised order of taxonomic assignment followed by OTU
picking circumvents many of the previously discussed limitations and enables highly
accurate alignment and taxonomic assignment, selection of biologically relevant
representative sequences from each OTU, and robust phylogenetic community structures,
as demonstrated in both simulated and real data benchmarks.

3.4 Results

The HmmUFOtu (Hidden Markov Model [HMM]-based Ultra-Fast OTU tool) is composed
of two core algorithms: (1) a banded-HMM profile alignment algorithm (banded-HMM)
utilizing a consensus sequence FM-index (CSFM-index); and (2) the Seed-Estimate-Place
(SEP) local phylogenetic placement algorithm. Both algorithms are designed specifically
for phylogenetic markers such as the 16S rRNA gene, in which primers designed to anneal
at highly conserved regions are used to amplify a portion of a target gene containing
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hypervariable regions. This feature led to our design of the CSFM-index powered bandedHMM algorithm, which restrains the regular profile HMM alignment algorithm with
conserved seeds at the 5′ and 3′ ends of reads (Fig. 2a–c). The SEP algorithm takes
advantage of both a phylogenetic placement algorithm introduced by similar tools [16, 17]
as well as our assumption that observing a novel instance of a read from a node,
representing either an observed taxon or inferred ancestor, should not alter the overall
topology of the known reference phylogenetic tree except for the local branch from which
the read is emitted (Fig. 2d–g). Details of the core algorithms are fully elaborated in the
“Methods” section.
To test HmmUFOtu performance, we built a benchmark HmmUFOtu database from the
GreenGenes 97% reference database, “gg_97_otus_GTR,” using a pre-trained GTR DNA
substitution model. This database roughly represents a prokaryotic (bacteria and archaea)
species-level phylogenetic tree and contains ~ 200,000 nodes, of which all leaves
(~ 100,000) and key internal nodes had assigned taxonomies. All unnamed internal nodes
were assigned taxonomy by recursively back-tracing to their annotated ancestors.

3.4.1 Simulated data

We first generated four simulated datasets from the “gg_97_otus_GTR” database. Each
dataset contained sequences spanning different hypervariable regions of the 16S rRNA
gene: (1) hypervariable region 4 (“V4”); (2) hypervariable regions 1 through 3 (“V1 V3”);
(3) hypervariable regions 3 through 5 (“V3 V5”); and (4) a dataset containing segments
drawn from random locations in the gene (“random”). We in silico “annealed” V4, V1 V3,
and V3 V5 sequencing primers to the “gg_97_otus_GTR” database to obtain their
consensus loci of the trained 16S HMM profile, then generated simulated reads using a
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procedure that mimics the construction of a real 16S library with the following steps: (1) a
tree branch is randomly drawn from the reference tree; (2) a branching-point is drawn
uniformly from this branch length; (3) a locus is uniformly drawn for the “random” dataset,
or stays fixed at the known V4, V1 V3, or V3 V5 locus for their respective datasets
(Additional file 1: Table S1); (4) amplicon size is either drawn from a truncated Gaussian
distribution for the “random” dataset or fixed for V4, V1 V3, or V3 V5; (5) bases of the read
are simulated according to the conditional likelihood of observing the four bases at the
given branching point, or the gap probability at the consensus site (gaps are not present
in the simulated reads). To replicate a practical 16S rRNA gene sequence survey, we
generated 20 simulated samples, each containing 5000 in silico synthesized reads for the
four datasets independently, in which both the consensus loci and the taxonomic
assignment are known for all simulated reads. All four simulated datasets were then
processed by HmmUFOtu and similar tools to evaluate their performance.

3.4.2 HmmUFOtu achieves both high alignment accuracy and speed

To evaluate alignment performance, all four simulated datasets were aligned to the same
16S rRNA profile using HmmUFOtu, as well as hmmalign and nhmmer, two widely used
HMM aligners from the HMMER3 package [18, 19]. All three tested HMM-based tools
achieved very high accuracy for the fixed locus datasets (V4, V1 V3, and V3 V5), but
HmmUFOtu outperforms both hmmalign and nhmmer for the random dataset (Table 1,
upper panel), suggesting our banded-HMM algorithm and HMM architecture (Fig. 2a–c)
can accurately map notably divergent reads. Additionally, HmmUFOtu is also about twoto threefold faster than hmmalign and nhmmer (Table 1, lower panel), the latter of which
is already an optimized algorithm for nucleotide alignment [19]. Our banded-HMM
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algorithm significantly improves alignment accuracy and reduces the searching space
compared to existing HMM algorithms by utilizing the relatively invariant “seeds” inherent
to rRNA genes.

For further comparison, we also evaluated the alignment performance of a traditional
pairwise alignment method using the NCBI blastn program [9]. By aligning reads to all the
sequences in the gg_97_otus_GTR database and using the best alignments for every
read, we found that the NCBI blastn pairwise alignment algorithm can also achieve
similarly high levels of accuracy as HmmUFOtu, but at considerably slower speeds (> 300
times slower, Table 1, lower panel). This result was not surprising, since a major
advantage of the HMM-profile alignment algorithm is the multiple-sequence alignment
(MSA) profile size-independent processing efficiency.

3.4.3 HmmUFOtu achieves accurate taxonomic assignment for simulated reads at
all taxonomy levels

We next evaluated the performance of HmmUFOtu to assign taxonomy at all levels
ranging from kingdom to species using the previously described simulated datasets.
Overall, we found that HmmUFOtu achieves very high assignment sensitivity (true positive
rate [TPR] or recall), specificity (true negative rate [TNR]), and accuracy (ACC) at all levels
(Table 2, upper panel). The assignment sensitivity drops significantly at the species level,
as does the assignment precision, but still retains high levels of specificity. This result may
be an artefact of potential annotation errors at the species level in the GreenGenes
database; it is important to note that only ~ 1/8 of all nodes with a genus level annotation
also have a species level annotation (data not shown), suggesting the difficulty in
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generating accurate species level annotation. At this stage, HmmUFOtu was not
compared to similar phylogenetic placement tools such as pplacer or EPA [16, 17],
because both tools failed to process the large reference tree due to technical errors most
likely stemming from size restrictions (data not shown). Nevertheless, HmmUFOtu can
perform taxonomic assignment at a speed of 3–4 reads per second per processor (Table
2, upper panel), which in conjunction with its native and effective multi-threading support,
permits fast and high throughput analyses.

Although HmmUFOtu achieved high assignment accuracies at all taxonomy levels, we
further investigated the balance between assignment sensitivity and precision. One
concern was that incorrectly assigned taxa (low precision) may cause significant problems
for downstream analyses, such as erroneous community compositions or false enrichment
of “phantom” species. To this end, we generated precision and recall curves by varying
the threshold of acceptable assignment Q scores calculated by HmmUFOtu. The Q-score
is the posterior log-likelihood for a potential assignment to be correct given all considered
assignments, which is mathematically equivalent to the “likelihood-weight” calculated by
similar tools [16, 17]. As previously shown, high assignment precision was achieved at all
taxonomic levels except for the species level without any Q-score filtering (Fig. 3),
illustrating the inherent strength of HmmUFOtu’s algorithms. At the species level,
HmmUFOtu can achieve a more satisfactory assignment precision (≥ 90%) by setting the
Q-score criteria as low as 3, resulting in a modest loss of sensitivity (< 10%) (Fig. 3).
Notably, the V3 V5 dataset exhibited better overall assignment performance for this
simulated dataset (Fig. 3d), in agreement with previous findings where the V3 V5 region
provide a more optimal combination of sequence divergence, amplicon size, and ease in
primer design than the other regions tested in this study [20].
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To compare the taxonomic assignment accuracy of HmmUFOtu with other phylogenetic
placement tools, we built a smaller database using the GreenGenes 79% OTU data
(gg_79_otus_GTR) that represents a mid-level (order/family) phylogenetic tree with only
2329 nodes, then generated a simulated dataset with 10,000 reads from random loci
(random79). We did not generate similar V4, V1 V3, or V3 V5 datasets because these
16S primers were designed based on genus/species level reference sequences and thus
the exact biological interpolation of such variable regions is not well defined at this higher
level of taxonomy. The random79 dataset was processed by HmmUFOtu and two similar
phylogenetic placement programs, pplacer and EPA [16, 17]. With the default maximum
likelihood mode, HmmUFOtu exhibits 5–10% higher overall accuracy at mid-level
taxonomy (Table 2, lower panel). We found that although all three tools have similarly high
accuracies at the species level, both pplacer and EPA returned assignments with low
precision and unexpectedly high sensitivity. This suggests that both pplacer and EPA
exhibit a preference for placing sequences at lower branches of the phylogenetic tree
proximal to the leaves, but the exact reason behind this behavior was not clear. In order
to investigate this further, we calculated the Weighted UniFrac distance (also known as
the Earth Mover’s Distance [21]) for all placements between the reference placement
positions (from the simulation) and the inferred positions by HmmUFOtu, pplacer, and
EPA, and found that HmmUFOtu generated placements exhibit a smaller Weighted
UniFrac distance than the other two tools (0.0878, 0.0958, and 0.0921 for HmmUFOtu,
pplacer and EPA, respectively). This indicates that the greater observed placement
accuracies (Table 2, lower panel) were a result of pplacer and EPA placing sequences at
the determined globally optimal position, which often resulted in lower taxonomic ranks.
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This propensity to place reads at lower taxonomic ranks can potentially result in spurious
community compositions and has been actively addressed by other taxonomic assignment
tools such as RDP classifier, SINTAX, and Metaxa2 [14, 22]. HmmUFOtu uses the
maximum likelihood placement, or equivalently a uniform placement prior, for taxonomy
assignment by default, but the users can use an alternative node-height weighted prior for
preferentially assigning reads at lower (near-leaf) taxonomy levels.

In addition to improved assignment accuracy, HmmUFOtu also ran at considerably faster
speeds (4- to 40-fold faster in processing speed) than pplacer and EPA on the random79
dataset, respectively (Table 2, lower panel). Notably, although the speed of pplacer and
EPA cannot be strictly tested on large reference trees due to their technical limitations, the
speed gain of HmmUFOtu is expected to be very profound on species resolution trees
due to the linear time complexity of the two core algorithms with regard to total tree nodes
[16, 17].

3.4.4 HmmUFOtu’s algorithms outperform traditional OTU-based methods for
taxonomic assignment

As previously discussed, a typical analysis workflow for 16S rRNA sequence data first
groups sequences into OTUs, then assigns all sequences within the same OTU the same
taxonomic identity (Fig. 1). Although different in principle, both HmmUFOtu and traditional
OTU-based methods eventually assign all reads to the reference taxa, giving us the
opportunity to compare taxonomic assignment accuracy. We ran all four simulated
datasets through the entire QIIME pipeline (v1.9.1) with default methods using UCLUST
for OTU picking and taxonomy assignment and found that our profile-HMM and
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phylogenetic placement-based tool achieves much higher assignment accuracy at all
phylogenetic levels (Fig. 4a, b). In contrast, the QIIME-default method only achieves
similarly high accuracy at the higher taxonomic levels (phylum to order), suggesting the
potential for a significant proportion of sequences being assigned to incorrect genus or
species by traditional OTU-based methods.

In order to determine which step(s) of the OTU-based methods, namely OTU-picking and
taxonomic assignment, might cause such assignment errors, we evaluated the
assignment accuracy of QIIME-default methods at the OTU level, for which one
representative sequence from each OTU was analyzed. At the OTU level, the assignment
accuracy only slightly increases over assignment at the per-read level (Fig. 4c),
suggesting the traditional distance-based taxonomic assignment methods as the primary
contributors of assignment error compared to a phylogenetic placement-based method.
We also observed a modest increase in assignment accuracy at the OTU level for the V4
dataset (Fig. 4c vs. b), which contains the least sequence diversity. This highlights the
impact of the OTU-picking step on overall assignment accuracy, especially for less
divergent datasets where reads are often grouped into larger OTUs.

3.4.5 Application on real data

Real microbiome datasets are more complicated than simulated datasets, as they can be
paired-ended, are subject to polymerase chain reaction (PCR) and sequencing errors,
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contain large amplicons with non-overlapping mates, or contain other experimental errors.
Additionally, the true taxonomic identities of real datasets are usually unknown, making it
impossible to adequately analyze the accuracy of read-level taxonomic assignment. In this
study, we further benchmarked HmmUFOtu and similar tools using real datasets
consisting of: (1) 16S rRNA amplicon datasets generated from a synthetic “mock” bacterial
community DNA sample (“mock dataset;” Additional file 1: Table S2); and (2) publicly
available 16S rRNA amplicon datasets generated by the Human Microbiome Project
(“HMP dataset;” Additional file 1: Table S3).

3.4.6 HmmUFOtu closely recapitulates mock community composition and diversity

DNA isolated from a synthetic mock bacterial community was amplified and sequenced
using either the V4 or V1 V3 protocol as part of every Illumina MiSeq run performed by
our group. The mock community contains genomic DNA of 20 different bacterial species
belonging to 17 different genera with equivalent concentrations of 16S rRNA genes from
each species (100,000 copies per organism per μL). We used the pre-processed V4 and
V1 V3 mock community datasets with forward/reverse reads assembled by Pear v0.9.0
[23] for analysis with both HmmUFOtu and the QIIME-default method. The relative
community compositions at the genus level were calculated for each analysis with the
generated OTU tables. Due to a built-in feature for processing unmerged paired-end reads
(see “Methods”), we also processed the raw unassembled paired-end V4 and V1 V3 reads
with HmmUFOtu.

When comparing the OTU tables generated by each analysis to the theoretical
composition of genus-level mock community taxa, we found that HmmUFOtu closely
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recapitulated the compositions of the reference community, especially for the V4 mock
dataset (Fig. 5a, b). This similarity remains stable across the replicate samples that were
sequenced on different Illumina runs, as revealed by the relatively invariant beta-diversity
dissimilarity between HmmUFOtu inferred and reference compositions (Fig. 5c),
indicating that our algorithm is robust to experimental conditions.

We also found that while both HmmUFOtu and QIIME-default methods revealed similar
mock community compositions, HmmUFOtu assigns fewer reads to taxonomies outside
of the 17 reference genera, especially for the V4 dataset (Fig. 5a). We further scrutinized
these results by comparing alpha diversity as measured by the number of observed
species, independent of the known taxonomic assignment of the reference taxa (Fig. 5d).
The QIIME-default method consistently inflated the number of observed species
compared to HmmUFOtu (Fig. 5d, Kruskal–Wallis test; p < 3.7e-5 and p < 3.8e-5 for the
V4 and V1 V3 dataset, respectively). HmmUFOtu also exhibited stability between different
sequencing and processing strategies (assembled vs paired, V4 vs V1 V3, Fig. 5d).
Additionally, we found that using unassembled paired-end reads with HmmUFOtu
produced slightly more accurate and stable community structures (Fig. 5c, d) compared
to assembled reads. Given that up to 5% of all reads could be lost during the paired-end
merging step (data not shown), we strongly recommend the input of quality trimmed
unassembled, demultiplexed paired-end reads.
3.4.7 HmmUFOtu’s phylogeny-based otus and consensus-based representative
sequences better capture the real bacterial genomic sequences

HmmUFOtu generates phylogeny-based OTUs using the basic assumption that each tree
node would become its own OTU, as they are either true observed (leaf) or inferred
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ancestor (internal) sequences. Therefore, any phylogenetic tree node with reads placed
closest to it becomes a phylogeny-based OTU (Fig. 1a). Instead of picking one sequence
as the representative sequence of an OTU, we take advantage of both pre-aligned reads
(by the banded-HMM algorithm) and pre-evaluated Log-Likelihoods (by the SEP
algorithm) of the OTU, and then use a Bayesian statistical model to infer the consensus
sequence of the observed OTU node (see “Methods”). By aligning the generated
representative sequences (rep-seqs) to the known genomic sequences of the mock
community bacteria (Additional file 1: Table S2) using NCBI blastn program [9], we found
that the HmmUFOtu’s consensus based rep-seqs show a higher sequence similarity
(percent identity) to the reference genomes compared to the QIIME-default method that
uses the first read (“first”) in each OTU (Fig. 6a, Kruskal–Wallis test; p → 0 for both V4
and V1 V3 datasets), suggesting the consensus of all observed sequences generally
better represents the true bacterial target gene sequences by aggregating information
across multiple reads and/or samples.

To further confirm that the known reference genome sequences correctly reflect the real
16S rRNA gene sequences and do not suffer from incorrect annotations or other errors,
we compiled a second real dataset from the Human Microbiome Project (HMP) which
contains ten samples from five distinct body sites interrogated at two independent visits
using the Roche/454 Next-Gen Sequencing (NGS) platform (Additional file 1: Table S3).
These samples were selected because they all have matched whole genomic shotgun
(WGS) sequencing data available that were sequenced using the same platform
(Additional file 1: Table S3). Similar to the mock community dataset results, we found
that HmmUFOtu generates rep-seqs that more closely resemble the assembled
microbiota scaffolds from the WGS data compared to the QIIME-default “first” OTU-picking
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method (Fig. 6b). In addition, two other rep-seq picking methods from QIIME, “longest”
and “random,” similarly produce rep-seqs with lower sequence identity to the WGS-based
scaffolds. Also, we failed to detect a significant difference in accuracy when HmmUFOtu
either utilized or ignored prior phylogenetic information to infer the consensus-based repseqs. Overall, we found that using the consensus sequences across multiple reads
produces more accurate rep-seqs compared to single-read based methods (Fig. 6b,
Kruskal–Wallis test; p < 7.6e-10). Moreover, HmmUFOtu can construct the phylogenetic
tree of OTUs (OTU-tree) in negligible time compared to the de novo tree construction
method used by the QIIME pipeline (data not shown), which is achieved by simply pruning
the reference tree to exclude subtrees without any placed reads (Fig. 1b).

3.4.8 Detection of chimeric sequences

Amplicon sequencing of highly conserved marker genes such as the 16S rRNA gene can
produce “chimeric” DNA sequences, which are often caused by an unintentional ligation
of two distinct but closely related DNA templates during the PCR amplification step [24].
The summarization of the placement log-likelihood of our SEP algorithm over all aligned
regions may be biased by chimeric reads, resulting in incorrect phylogenetic placement at
some common ancestor of the two initial templates, subsequently introducing artificial and
erroneous OTUs. In order to detect potential chimeric reads, we developed a “segment
placement comparison” algorithm that borrows the idea of “segment alignment,” a method
commonly used in other published chimera detection tools such as ChimeraSlayer and
UCHIME [24, 25] (see “Methods”). Briefly, HmmUFOtu compares the joint log-odds (LOD)
of alternative vs best placement of both a 5′ and 3′ segments. For benchmarking
performance, we generated a simulated dataset of chimeric sequences from the
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GreenGenes 97% OTU reference sequences (“gg_97_otus_chimera”) using a procedure
similar to the method described by UCHIME [25] involving the following steps: (1) a pair
of reference sequences are randomly selected from the GreenGenes 97% OTU database,
as long as the p-distance between their aligned sequences falls into any of the four ranges
(i.e. [0.01,0.03), [0.03,0.05), [0.05,0.10), [0.10,0.15)); (2) a breaking point is uniformly
drawn at their aligned (consensus) positions; (3) if the breaking point is within [0.25,0.75),
the two reference sequences are in silico spliced and ligated into a chimeric sequence,
otherwise the first sequence is kept unchanged; lastly, gaps from the alignment of chimeric
and unchanged sequences are removed, whereby the resulting sequences are used as
the simulated dataset. When testing performance, we found HmmUFOtu’s “segment
placement comparison” algorithm could reliably identify chimera sequences with ~ 90%
accuracy even with a minimum LOD threshold of zero (0) (Additional file 1: Table S4).
As expected, the overall accuracy of chimera detection drops as the similarity between
sequences increases (smaller p-distance); the accuracy dropped to 85% in the most
extreme case (p-distance in [0.01,0.03), Additional file 1: Table S4). The sensitivity is
consistently > 90% at this cut-off, comparable to previous reported sensitivities (> 70%) on
different simulated datasets [24, 25], which supports the efficacy of our segment
placement-based algorithm. We then compared the chimera detection sensitivity and
specificity curves (ROC curves) of our algorithm by varying the minimum LOD cut-offs to
ensure minimal classification of non-specific (false-positive) chimeric sequences, which
can cause a significant loss of information. As shown in Fig. 7a, the specificity can be
improved to > 90% (FPR or false positive rate < 0.1) by setting a minimum LOD cut-off as
low as 50 with only a modest sensitivity loss (< 10%). This trend was also observed in the
[0.01,0.03] sub-dataset that are most difficult to detect given the similarity in the two initial
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sequences (Fig. 7a, red curve). Thus, we set the default LOD cut-off for chimera detection
at 50 for specific results with high retention.

In order to estimate the proportion of chimeric results in the real datasets we previously
analyzed, we re-processed all the mock and HMP datasets by enabling the chimeradetecting algorithm using the recommended LOD cut-off (50). Surprisingly, the mock V1
V3 dataset exhibits a consistently high estimated proportion of chimeric reads in the range
of 20–30%, which is much higher than either the mock V4 dataset (2–3%) or the HMP
dataset (5–10%) (Fig. 7b). Although there is no clear explanation for the discrepancy in
proportions of chimeras, we speculate that higher rates stem from deeper sequencing
depths (data not shown), larger consensus amplicons sizes, and the less efficient
annealing properties of the forward primers used in the mock V1 V3 dataset (Additional
file 1: Table S1).

We have suggested that chimeric reads likely lead to artifact OTUs during analysis. To
verify this, we regenerated the phylogeny-based OTUs with the chimera-filtered results
and found the overall alpha-diversity of the communities, as measured by the “observed
species” metric, decreased proportionally with the number of chimeric reads (Fig. 7c),
suggesting that most chimeras produced singleton OTUs in the original unfiltered analysis.

3.4.9 Multi-threading performance and vectorization

One technical limitation of traditional OTU-picking methods is the difficulty in parallelizing
jobs due to the pairwise-comparisons inherent to most methods. Furthermore,
parallelization of the taxonomic assignment step is often implemented externally by
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utilizing UNIX sub-processes that dramatically increase the hardware burden. In contrast,
the HmmUFOtu core algorithms are designed to be independent for each read (see
“Methods”) and can thus be easily parallelized (multi-threaded) across multiple reads. The
native multi-threading support also reduces the requirement of hardware resources, which
is critical for very large inputs.

We benchmarked the multi-threading performance of HmmUFOtu using one simulated
sample containing 5000 reads from each of the four simulated datasets with 1, 2, 4, 8, or
16 threads. We found that the processing speed of HmmUFOtu increased almost linearly
to the number of threads up to the delegation of eight threads (Fig. 8a). When employing
16 threads, the linear relationship was most likely lost due to the restriction of total
available physical cores (12 in total) on the benchmarking machine. This is illustrated by
the near-linear increase of the average CPU usage (Fig. 8b). Notably, HmmUFOtu only
requires a near-constant RAM regardless of the CPU usage or the type of data (Fig. 8c),
thus in theory, permitting the program to handle much larger 16S datasets generated in
the future without requiring an equivalent demand in RAM.

Vectorization is a programming technique based on processor supplementary instruction
sets available on many processors (such as Intel and AMD), which can significantly
improve the processing speed of mathematical operations especially for vector and matrix
operations. HmmUFOtu utilizes the built-in vectorization ability of Eigen3, which supports
SSE2 and higher standards. For example, HmmUFOtu can quickly perform the matrix
exponential calculations required by the GTR DNA substitution model, comparable in time
to the processing of less complex DNA models that are based on simple tractable
numerical calculations (TN93 and HKY85, Additional file 1: Table S5).
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3.4.10 Implementation of multiple DNA and mutation rate models

The previously described analyses, including those performed on both simulated and real
datasets, were processed using the gg_97_otus_GTR database, which uses the default
generalized time-reversible (GTR) DNA substitution model to evaluate the likelihood of the
reference phylogenetic trees [26, 27]. Although the GTR model is used by the
GreenGenes database [15], we further tested HmmUFOtu on other popular models, since
these simpler DNA models, such as TN93 [28] or HKY85 [29], are generally more robust
due to the smaller number of free parameters and mathematically tractable features. We
compared the GTR, TN93, and HKY85 DNA models using the V4 simulated dataset with
the same methods described above and found that all models exhibit very similar
assignment performance regarding the sensitivity, specificity, precision, and accuracy at
all taxonomy levels (Additional file 1: Table S5). Notably, the simpler models TN93 and
HKY85 often lead to slightly better assignment results even if the reference tree was built
using the GTR model (Additional file 1: Table S5), suggesting that by using fewer free
parameters, these models can still capture sufficient information from the phylogenetic
structure of bacteria.

In addition to the different DNA models, we also studied the heterogeneity of mutation
rates among different 16S rRNA gene sites by capturing the rate variation among sites
using Discrete Gamma Distribution (dΓ) based models [30] (see “Methods”). Interestingly,
by allowing variation among sites using the dΓ model, the assignment sensitivity and
precision both experience significant loss compared to the fixed rate models (Additional
file 1: Table S5), potentially due to the construction of reference trees in GreenGenes,
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which assumed fixed rate models [15]. Considering that the processing speed is much
slower (~ 1.5× slower at default settings; Additional file 1: Table S5), we strongly
recommend against using a Gamma model of among site rate variation for reference trees
built with fixed rate models. Further, the estimated shape parameters of the dΓ models are
usually around 0.5, indicating that most 16S rRNA gene sites are almost completely
“invariant” (constant regions), while “mutation hotspots” exist in limited sites (hypervariable
regions) [31], recapitulating previous estimations of the shape parameters in a study using
multiple methods [32] (Additional file 1: Table S5).

3.5 Discussion

Traditional workflows based on distance-based approaches first group sequences into
OTUs, then assign taxonomy to (often arbitrarily) selected representative sequences.
These methods are widely adapted due to the straightforward nature of their concepts and
relatively well-established algorithms; however, they suffer from major drawbacks such as
non-optimized

assignments,

sensitivity to

input

data

order,

limited

statistical

underpinnings, and disregard of the phylogenetic nature of bacterial sequences [1, 8, 12,
33]. Many of these shortcomings stem from circumventing computationally expensive
algorithms and complex implementations of related methods in favor of faster heuristics.

We highlight the shortcomings of these methods by comparing HmmUFOtu to the default
methods implemented by the widely used QIIME platform [10]. In both real and simulated
datasets, HmmUFOtu outperforms QIIME default methods in accurately recapitulating
microbial community composition and diversity. Notably, HmmUFOtu produces results
with biologically realistic metrics regarding diversity and selects rep-seqs that more
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accurately represent the consensus sequence of the OTU. We also heavily employ prior
knowledge in our tool, such as searching for “seed” alignments in the banded-HMM
algorithm, as well as the stepwise SEP algorithm that uses the inherent phylogenetic
nature of 16S rRNA genes.

HmmUFOtu organizes amplicon reads into OTUs by grouping together reads that have
been placed around reference phylogenetic nodes. This procedure is independent of
sample size and input order, two features that can affect traditional OTU-based methods,
resulting in error-prone and slow analyses [1]. Additionally, because each sequence is
individually processed by HmmUFOtu, subsets of samples can be pre-processed before
the collection of all samples; users would only need to summarize over all pre-processed
assignment files to initiate downstream analyses, a step that generally takes only minutes.
However, one limitation of HmmUFOtu to consider is the operation within constraints of a
reference tree. References will be biased toward those organisms that are readily
culturable, may not fully represent the biodiversity of a community, and may lead to generic
taxonomic assignment at very high levels (phylum or class) [11].

The algorithms implemented in HmmUFOtu are both powerful and flexible enough to be
extended into microbiome research beyond the prokaryotic domain. Similar conserved
marker genes exist in other systems, such as the eukaryotic 18S rRNA gene and fungal
ITS region, from which amplicon sequencing data are rapidly accumulating. However, the
current standard databases for eukaryotic marker genes are not as well annotated as the
16S rRNA gene databases; for example, the “SILVA” database for the eukaryotic 18S
rRNA gene only provides a “guide-tree” for their sequences, which lacks branch length
information and is not bi-sectional [34, 35]. Further, the “UNITE” database for the fungal
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ITS region does not provide any phylogenetic tree due to the high variance of ITS
sequences [36]. Until fully evaluated and expert-curated phylogenetic trees from these
databases are released, traditional OTU-based tools such as QIIME [10] and Mothur [5]
will still be the preferred choices for analyzing eukaryotic amplicon sequencing data. A
potential application for future available eukaryotic marker gene databases (i.e. ribosomal
small subunit database) would be the ability to distinguish between prokaryotic and
eukaryotic sequences in a sample as to remove the “contaminating” mitochondria and
chloroplast 16S (m16S and c16S) sequences often found in environmental and fecal
samples. However, presently, users are encouraged to use other non-phylogenetic based
tools such as Metaxa2 [22] for pre-filtering eukaryotic m16S and c16S sequences.

While researchers increasingly employ metagenomic and other multi-omic approaches for
inferring characteristics of microbial communities and their interactions with the host and
environment, amplicon sequencing of the 16S rRNA gene remains a staple in the toolkit
of microbial community ecology. HmmUFOtu considerably improves upon current
methods that form the core of popular analysis workflows by incorporating phylogenetic
information into the crucial OTU-picking step and thereby improves the quality of
downstream analyses and interpretations.

3.6 Conclusions

Here we describe a novel method for resolving a fundamental problem in 16S rRNA gene
amplicon and other target-gene based microbiome research – clustering sequences into
biologically relevant OTUs and correctly assigning taxonomy to all reads within the OTU.
We achieve this using two core algorithms: a CSFM-index powered banded-HMM
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algorithm and a SEP local phylogenetic placement algorithm. Our banded-HMM algorithm
achieves high accuracy when aligning to a 16S rRNA gene sequence MSA, similar to
other HMM-based aligners, but does so at 2–3 times the speed. The SEP algorithm
achieves high accuracy, sensitivity, specificity, and precision in taxonomic assignment
performance, even at species-level resolution for both simulated and real datasets, at
speeds up to 30 times faster than current phylogenetic placement tools [16, 17]. Taken
together, HmmUFOtu can perform HMM-profile alignment, phylogenetic placement-based
taxonomic

assignment,

phylogeny-based

OTU

picking,

and

consensus-based

representative sequence inference in a species-resolution reference tree with ~ 200,000
nodes for 1 million 16S rRNA gene amplicon sequences within 6 h on a modest Linux
workstation or cluster with 16 processors, 32 GB RAM, and ~ 20 GB disk requirement.

3.7 Methods

3.7.1 CSFM-index powered banded-HMM alignment algorithm

The banded-HMM alignment algorithm is designed to align NGS reads to a MSA profile
with the assistance of short anchored segments, or “seeds,” along a known alignment
path. To achieve this, the algorithm first attempts to find up to two seeds at the 5′ and 3′
end of a read using a CSFM-index data structure (Fig. 1a). The CSFM-index is a modified
version of an FM-index (Full-text index in Minute space, a compressed full-text index
based on the Burrows-Wheeler Transform) [37] that stores additional information for
quickly locating the consensus sequence (CS) position in an MSA profile. Our CSFMindex implementation also utilizes a Wavelet-tree for indexing BWT strings [38], thus
resulting in a small memory footprint and fast search speeds.
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In order to accurately align NGS reads to the MSA profile, HmmUFOtu employs a widely
used HMM architecture with seven special states (“plan7”) to capture the site-specific
transition and emission features (Fig. 1b), which mimics the same core model used by the
HMMER3 package [18]. However, our “plan7” architecture includes modifications
designed for 16S rRNA gene sequence alignment, specifically, limiting alignment of reads
to one 16S profile, rather than aligning against multiple profiles, via the “J” state. The
model has also been modified for unbiased local-alignment regarding the HMM profile by
allowing direct entrance into intermediate match (“M”) states with comparable
probabilities. Additionally, our architecture introduces the I0 and IK states representing the
frequently observed 5′ and 3′ overhangs in 16S rRNA sequence reads stemming from
non-conserved 5′ and 3′ tail regions in some bacteria species.

Once the 5′ and 3′ seed alignment paths are identified by CSFM-index searches,
HmmUFOtu uses a banded version of the Viterbi algorithm to find the global optimal
alignment between the NGS read and HMM profile in or near these seed regions (Fig. 1c,
gray regions), which maximizes the log-likelihood (equivalently, minimizes the cost) of
observing the read sequence given the trained HMM-profile (Fig. 1c) using Dynamic
Programming (DP). The banded HMM algorithm Procedure-Banded-HMM is further
explicated in the Equations section of this chapter.

It is of note that for a very small proportion of NGS reads, no seed-alignment can be found
by CSFM-index searches; we handle these reads with the standard, non-banded, HMM
algorithm, as described previously [18]. For paired-end reads, the forward and reverse
mates were independently aligned using our method, then the alignments are merged as
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if a single assembled read were used, regardless of whether the forward or reverse mates
have overlapping tails. To assess the alignment accuracy, a correct alignment is defined
as overlapping ≥ 90% of its true locus, a commonly used threshold in many similar
situations as described previously [39, 40].

3.7.2 SEP local phylogenetic placement algorithm

Once a NGS read is aligned to the MSA profile using the banded HMM algorithm,
HmmUFOtu uses a local phylogenetic placement-based method to assign the correct
taxonomic identification to a read based on the alignment. Unlike previous phylogenetic
placement-based tools such as pplacer and EPA [16, 17], HmmUFOtu makes the
assumption that the global topology and branches of the bacterial phylogenetic tree should
not be affected by observing an instance of a read, with the exception of adding a novel
local branch as necessary for maintaining the correct bi-sectional tree topology (Fig. 2).
In essence, the SEP procedure identifies the candidate optimal phylogenetic placement
in three steps: first, it finds a candidate list of seed nodes with sequences (observed or
inferred) that meet a similarity threshold to the read, as measured by observed p-distance
(Fig. 2b, “seed” step). The algorithm then estimates the branching-point, the length of the
new branch, and the sub-tree likelihood using the Procedure-Estimate-Place described
below (Fig. 2c, “estimate” step). This can be proven to produce near-optimal tree
likelihoods and can be performed efficiently since it neither modifies the original reference
tree, nor creates an actual copy of the sub-tree (Procedure-Estimate-Place). Finally,
estimated placements are sorted by their likelihoods; for every top candidate, a detailed
placement algorithm copies the sub-tree, inserts the observed read node according to the
aforementioned estimations (Fig. 2e, f), and iteratively optimizes the estimations by
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maximizing the placement likelihood, or the posterior probability if a prior is used. The final
log-likelihood of this subtree is equivalent to the log-likelihood of the entire tree, according
to the Pulley Principle [41], as long as a time-reversible DNA substitution model is used
(e.g. GTR, TN93, or HKY85 model). This step is further outlined in the Procedure-JointOpt-Place described in the Equations section of this chapter.

3.7.3 Segment placement comparison algorithm for chimeric read detection

HmmUFOtu implements a “segment placement comparison” algorithm based on
principles similar to previously described segment alignment-based methods such as
ChimeraSlayer and UCHIME [24, 25]. This algorithm: (1) breaks an aligned sequence
(from a read or pair) into an even number of equal sized segments; (2) runs the SEP
procedure on every segment using the common set of “seeds” for the entire sequence;
(3) picks the best placement for both the 5′ and 3′ segment (5′-best and 3′-best); (4)
calculates the alternative placements by re-running the “Estimate” and “Place” procedures
for the 5′-segment sequence at the 3′-best branch (5′-alt) and vice versa for the 3′-segment
(3′-alt); (5) calculates the joined LOD scores as:

LOD= (loglik5'(best) − loglik5'(alt)) + (loglik3'(best) − loglik3'(alt))

and; (6) identifies potential chimeras where the assigned phylogenetic tree nodes of the
5′-best and 3′-best placements fail to match and the LOD score exceeds a defined cut-off.

64

3.7.4 Building HmmUFOtu databases

All HmmUFOtu databases used in our benchmarks were built by the “hmmufotu-build”
program using the GreenGenes reference alignment, tree, and taxonomy annotation files.
The build process generally consists of building the multiple-alignment index and CSFMindex, training the banded HMM profile, building and evaluating the phylogenetic tree, and
optionally estimating the shape parameter of the dΓ model for among-site rate variation
and subsequent re-evaluation of the tree (Additional file 1: Table S6). The database
building process supports multi-threading, with time complexity proportional to the total
number of nodes and consensus sites in the reference phylogenetic tree; this process
requires ~ 10 mins for building the “gg_97_otus_GTR” database with six processors on
the Linux workstation described below.

3.7.5 Mock bacteria community processing

The mock community bacteria samples were purchased from the America Type Culture
Collection (ATCC®) (Catalog # HM-782D). Both the V4 and V1 V3 samples were
sequenced as control samples across multiple Illumina MiSeq runs with 150-bp or 300-bp
paired-end platforms, respectively. All mock community runs were sequenced by the
PENN FGS/NGSC center.
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3.7.6 Estimating model parameters in HmmUFOtu database construction

In order to train an HMM-profile for a given MSA, we adopted the common practice of
using Dirichlet-multinomial models as prior distributions of observed transition and
emission data [42] as it balances prior biological knowledge with the observed training
data. We trained 16S rRNA gene-specific Dirichlet-multinomial models using the
GreenGenes gg_97_otus reference dataset for use in our analyses and benchmarking.
Specifically, we used Dirichlet-density models (DDs) for transitions and insertion
emissions (Fig. 1b, “I” states) and Dirichlet-mixture models (DMs) for the match emissions
(Fig. 1b, “M” states). During training, the weights of the observed MSA are normalized
using a position-specific method as described previously [42]. Pre-trained Dirichletmultinomial models are distributed with HmmUFOtu (Additional file 1: Table S7), but
users can also train customized models on their own data.

To train the DNA substitution models, we estimated all potential “ancestral-offspring”
mutations using the Gojobori 3-sequence method [43] and then estimated the DNA model
parameters for the GTR, TN93, and HKY85 models [26, 28, 29]. HmmUFOtu also supports
the Goldman two-sequence method [44] for DNA model training as well as many other
popular DNA substitution models. The complete list can be found in Additional file 1:
Table S8. Pre-trained DNA substitution models are distributed along with HmmUFOtu
source code, but users may also train customized DNA models on their own data.

To estimate the shape parameter α of each dΓ model used for among-site rate variation
in the HmmUFOtu databases we constructed, the 16S rRNA phylogenetic tree was
evaluated with one pass using a fixed rate model, then the number of observed mutations
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occurring at each site is calculated using the known tree topology. The shape parameters
were then estimated using the moment matching method, which assumes the parameters
follow a negative-binomial distribution, as previously described [32]. The amount of time
required for training customized models is negligible compared to building the database.
Details of model training can be found in Additional file 1: Table S6.

3.7.7

Generating

phylogeny-based

OTUs,

consensus-based

representative

sequences, and OTU-tree

During the OTU summarization step of HmmUFOtu (“hmmufotu-sum”), any phylogenetic
tree node containing more than a preset threshold of placed reads across all samples is
defined as an OTU containing the NGS reads placed closest to it. To infer the consensus
sequences, the posterior probability of observing the four nucleotides at each site is
calculated from the observed base counts from aligned reads and a Dirichlet density prior
with parameters proportional to the pre-evaluated node likelihood and a concentration
parameter of 2. A concentration parameter of N is equivalent to using N unobserved,
background “pseudo” reads for each OTU, but this prior can be disabled if set to 0. The
consensus base at every site is then inferred by either choosing the base that maximizes
the posterior probability or inserting a gap if more gaps were observed. Finally, a
phylogenetic tree containing the OTUs is generated by pruning the original reference tree,
leaving only nodes defined as an OTU and nodes required to maintain the bi-sectional
property of the tree. Specific details of this process can be found in Additional file 1:
Table S6.
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3.7.8 Benchmarking settings and data analysis

All benchmarking tests were performed on a Linux workstation with 8 Intel Xeon®
processors @ 3.70 GHz and 64 GB RAM, except for the multi-threading performance
tests, which were performed on a Linux cluster node with 24 Intel Xeon® processors (12
physical cores) @ 3.07 GHz and 96 GB RAM. Speed and resource statistics are based
on the “user” time from system log files. All tested third-party programs were run with the
default options, unless specified otherwise. The default methods in the QIIME workflow
were: “UCLUST” for OTU-picking, “first” for rep-seq picking, “UCLUST” for assigning
taxonomy, “PyNAST” for aligning OTUs, and “FastTree” for constructing the phylogenetic
tree of OTUs [6, 45, 46]. All alignment and taxonomic assignment accuracy results were
calculated using in-house Perl scripts. For taxonomic assignment accuracy benchmarks,
the alignment outputs from HmmUFOtu were used as inputs for both pplacer and EPA to
ensure fair comparisons. The alpha-diversity and beta-diversity analyses of mock
communities were calculated with QIIME scripts [10] using the observed species and
Bray-Curtis metrics, respectively. Details can be found in Additional file 1: Table S6.

3.7.9 Data requirements and program output

All core programs of HmmUFOtu accept sequences in FASTA or FASTQ format, MSA
profiles in FASTA aligned format, and phylogenetic trees in Newick format. The model
training programs output in customized plain-text formats (“hmmufotu-train-dm” for
Dirichlet prior models, “hmmufotu-train-sm” for DNA substitution models) or in standard
HMMER3 text format [18] (“hmmufotu-train-hmm” for HMM profiles). The database
building program “hmmufotu-build” outputs databases as custom binary files. The main
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program “hmmufotu” outputs taxonomy assignments in tab-delimited plain-text format
(TSV format). The OTU summarization program “hmmufotu-sum” outputs results in TSV
format, which is compatible with third-party tools such as QIIME; it also optionally outputs
the rep-seqs in FASTA format and the OTU-tree in Newick format. Optionally, “hmmufotujplace” may convert outputted TSV assignment files into “jplace” format for compatibility
with third-party tools [47] as long as the dependency C++ library JsonCpp is installed or
specified during the configuration step.

3.7.10 Implementation, dependency, and portability

HmmUFOtu is written in C++ 98 and is only dependent on the header-only libraries of C++
boost and Eigen3 for Newick tree parsing, statistics, and linear-algebra operations. Both
libraries are available on most operating systems (OS) and do not require installation.
Multi-threading of HmmUFOtu is implemented when native OpenMP is available. All
HmmUFOtu tools are built by GNU Autotools allowing for easy installation on most OS
including Linux, Mac OS X, and Windows. Pre-compiled HmmUFOtu executables are also
available at https://github.com/Grice-Lab/HmmUFOtu/releases.

3.7.11 System requirements

HmmUFOtu pre-evaluates and stores all the directional conditional log-likelihoods of a
reference phylogenetic tree, thus requiring a relatively large amount of memory (RAM)
and disk space. For example, the “gg_97_otus_GTR” reference database takes about 20
GB RAM and disk space for both database building and read processing.
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3.8 Abbreviations

BWT: Burrows-Wheeler transform
CSFM-index: Consensus-sequence Full-Text index
DD: Dirichlet density
DM: Dirichlet mixture
dΓ : Discrete-Gamma model
HMM: Hidden Markov model
OS: Operating system
OTU: Operational taxonomic unit
SEP: Seed-Estimate-Place
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3.10 Open access

This article is distributed under the terms of the Creative Commons Attribution 4.0
International

License

(http://creativecommons.org/licenses/by/4.0/),
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Commons license, and indicate if changes were made. The Creative Commons Public
Domain Dedication waiver:
(http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in
this article, unless otherwise stated.
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3.11 Figures

Fig 1: General workflow of HmmUFOtu and the default OTU-based QIIME pipeline
for 16S rRNA gene sequencing studies
a. Main steps of the default QIIME pipeline include: (1) generating OTUs (OTU picking);
(2) selecting an individual read for each OTU as the representative sequence (rep-seq
picking); (3) assigning taxonomic information to every OTU by comparing the rep-seq to
the reference database (taxonomic assignment); and optionally (4) aligning rep-seqs to
the references; (5) constructing a de novo OTU tree using aligned rep-seqs. b. Main steps
of HmmUFOtu include: (1) per-read alignment and taxonomic assignment with profileHMM and phylogenetic placement algorithms; (2) OTU picking around existing
phylogenetic nodes to generate phylogeny-based OTUs, consensus based rep-seqs, and
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reference-based OTU tree. Dashed circles: phylogeny-based OTUs; gray dashed lines
and dots: unneeded subtrees of the reference tree that are pruned to generate the OTU
tree
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Fig 2: HmmUFOtu core algorithms.
a. Constructing a consensus sequence FM-index (CSFM-index) from a MSA using the
Burrows-Wheeler transform (BWT) coupled with Wavelet-tree compression algorithms.
Red: Actual stored data in a CSFM-index. b. A “plan 7” (p7) HMM architecture specifically
designed for 16S rRNA gene and other target gene/marker sequencing, with M (match), I
(insertion), D (deletion), N (N′: 5′), C (C′: 3′), B (begin), and E (end) states, respectively.
Dashed circles and arrows: “wing-retraction” process used to avoid empty alignment
paths; red arrows: special transitions used to control the “global” or “local” alignment
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mode. c. Banded-HMM Viterbi algorithm to find the most likely (minimum cost) path given
the HMM profile (row), a read sequence (column), and two known “seed” paths by
querying the CSFM-index. Only shaded grids are searched by the banded-Viterbi
algorithm. The first and last shaded search areas rarely reach the profile ends. d. An
example of a 16S rRNA phylogenetic tree. In this tree, all directional conditional loglikelihoods (arrows in (e), (f), (g)) of all branches were pre-evaluated. The ancestral
sequences of all internal nodes were inferred using maximum likelihood. e. For a potential
“seed” branch u--v, a small sub-tree containing only nodes u, v, the original conditional
log-likelihoods L(u) and L(v) and original branch length w 0 are copied. f. To place a new
read n to branch u--v, a new internal node r is introduced, the new conditional loglikelihoods L(n) are evaluated, then initial branch lengths w rv, wur, and w nr are estimated
using observed distance (p-Dist). g. For a candidate top estimation, the branch lengths
wrv, wur, wnr and L(rv), L(ru), and L(rn) are iteratively and jointly optimized until convergence
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Fig 3 Precision-recall (PR) curves for HmmUFOtu taxonomic assignment results
on four simulated datasets
(a) random; (b) V4; (c) V1 V3; (d) V3 V5. True positive (TP) and true negative (TN) are
defined as both the known and assigned taxonomy having or not having a certain level
of taxonomy annotation, respectively. PR curves are calculated by varying the
assignment Q-score threshold from 0 to 10 with a step of 1, then 20, 30, 40, 50, 60, and
250 (the maximum value)
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Fig 4: Comparison of taxonomic assignment accuracy between HmmUFOtu and
uclust, the QIIME-default OTU picking strategy, using the “gg_97_otus_GTR”
database.
The height of the bars reflects the assignment accuracy of four simulated datasets at
different taxonomic levels using HmmUFOtu (a) or QIIME-default method (b, c). a, b
Accuracy measured at per-read level. c Accuracy measured at per-OTU level
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Fig 5 Comparison of inferred bacterial community structures between HmmUFOtu
and QIIME-default methods using V4 and V1 V3 mock community datasets.
Both mock datasets contain ten replicates sequenced across ten different Illumina
MiSeq runs. a, b Inferred and theoretical () mock community compositions for V4 and
V1 V3 datasets, respectively, calculated using HmmUFOtu or QIIME-default generated
OTU tables. Bars: replicate samples; assembled: pre-processed paired-end merged
reads; paired: un-processed paired-end reads. c Community structure dissimilarity
between the inferred and reference community structure as calculated by the Bray-Curtis
beta-diversity metric. The median is represented by the line in the box, hinges represent
the first and third quartiles, whiskers represent 1.5 times the interquartile range, and dots
represent outlying data points. d Alpha-diversity of the mock community measured by
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the inferred number of observed species. Box plots are as above. Left panels: V4
datasets; right panels: V1 V3 datasets
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Fig 6: Comparing the quality of rep-seqs between HmmUFOtu’s consensus-based
and QIIME’s single-sequence based rep-seq picking methods.
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For HmmUFOtu: the consensus sequences with (default) or without the priors were
tested; for QIIME: the “first,” “longest,” and “random” methods were tested. a Mock
datasets, in which the quality is reflected by the %identity between the rep-seqs and the
known bacterial reference genomes. b HMP datasets, in which the quality is reflected by
the %identity between the rep-seqs and the de novo assembled scaffolds from the WGS
data sequenced in the same samples. LAH left auriculotemporal part of head, RAH right
auriculotemporal part of head
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Fig 7: Benchmarking results from chimeric read detection using the “segment
placement comparison” algorithm from HmmUFOtu.
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a Receiver operating characteristic (ROC) curves for detecting simulated chimeric reads
from random in silico cross-over events using GreenGenes 97% OTU reference
sequences; 10,000 chimeric or non-chimeric simulated reads were used in the
respective range for each p-distance subset. ROC curves are calculated by varying the
min LOD cut-off from 0 to 10 with a step of 1, then 20 to 100 with a step of 10. b
Estimated proportion of chimeric reads in all of the benchmarked real datasets (mock
and HMP) by enabling HmmUFOtu’s chimera detection and setting the LOD cut-off at
50. c Differences in “observed species” alpha diversity of the mock community V1 V3
dataset. Paired: original results using raw paired reads; Nonchimera: chimera-filtered
results using the same paired reads
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Fig 8: Multi-threading performance of HmmUFOtu benchmarked on four simulated
datasets on 1–16 threads.
a Relative processing speed (reads per second) normalized to 1-thread results. b
Average CPU usage (%). c Maximum RAM (memory) usage in GB. All results are based
on the average of 20 replicate samples
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3.12 Tables

Table 1: Alignment accuracy (upper panel) and speed (lower panel) of HmmUFOtu
and three other aligners benchmarked with four simulated datasets
A correct alignment is defined as the aligned consensus locus overlapping with at least
90% of the true locus. Speed is measured as reads per second per processor. All HMM
aligners used their own trained HMM models from the GreenGenes 97_OTUS reference
sequence alignment; NCBI blastn used the best alignment among all hits. Accuracy results
are based on the aggregate of 20 replicate samples; speed results are based on the
average of 20 samples
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Table 2: Taxonomic assignment performance (%) and speed of HmmUFOtu and
two similar tools, pplacer and EPA, at different taxonomy levels
TPR: sensitivity, TNR: specificity, PPV: precision, ACC: accuracy, Nan no observed data
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Speed is measured as reads per second per processor. Upper panel: results from
running HmmUFOtu on four simulated datasets based on gg_97_otus_GTR database;
Lower panel: results from running the three tested programs on the random79 dataset
based on gg_79_otus_GTR database. Speed is measured as reads per second per
processor. Performance measurement results are based on the aggregate of any
replicate samples; speed results are based on the average of any replicate samples
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3.13 Equations

where Diag-Dist and Procedure-Viterbi-DP are described in the Appendix.
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where ● represents the vector’s dot product, pDist is the p-distance between the
observed or inferred sequence of a node and a read, and Leaf-LogLik for evaluating a
leaf node as described previously [41]. The Convolute is the core, numerical-underflowfree function that calculates the convolution between a node’s log-likelihood matrix
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whose columns are the conditional log-likelihood vectors, and a branch’s transition
probability matrix, and the Procedure-Estimate-Branch is a p-distance-based branch
length estimation method, both of which are described in the Appendix.
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where Procedure-Evaluate is the Felsenstein’s pruning algorithm for tree evaluation as
mentioned above [41] and Procedure-Optimize-Branch for branch-optimization is an EM
based algorithm as described previously [41].
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3.14 Additional File 1
The appendix, and supplemental tables are available at the following publication, and
the subsequent publisher’s website:

Zheng, Q., Bartow-McKenney, C., Meisel, J.S. and Grice, E.A., 2018. HmmUFOtu: An
HMM and phylogenetic placement based ultra-fast taxonomic assignment and OTU
picking tool for microbiome amplicon sequencing studies. Genome biology, 19(1), p.82.

[ https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1450-0 ]
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CHAPTER 4 - THE MICROBIOTA OF TRAUMATIC, OPEN FRACTURE WOUNDS IS
ASSOCIATED WITH MECHANISM OF INJURY

The contents of this chapter have been published in:

Bartow‐McKenney, C., Hannigan, G.D., Horwinski, J., Hesketh, P., Horan, A.D.,
Mehta, S. and Grice, E.A., 2018. The microbiota of traumatic, open fracture
wounds is associated with mechanism of injury. Wound Repair and Regeneration,
26(2), pp.127-135.

4.1 Abstract

Open fractures are characterized by disruption of the skin and soft tissue, which allows for
microbial contamination and colonization. Preventing infection-related complications of
open fractures and other acute wounds remains an evolving challenge due to an
incomplete understanding of how microbial colonization and contamination influence
healing and outcomes. Culture-independent molecular methods are now widely used to
study human-associated microbial communities without introducing culture biases. Using
such approaches, the objectives of this study were to (1) define the long-term temporal
microbial community dynamics of open fracture wounds and (2) examine microbial
community dynamics with respect to clinical and demographic factors. Fifty-two subjects
with traumatic open fracture wounds (32 blunt and 20 penetrating injuries) were enrolled
prospectively and sampled longitudinally from presentation to the emergency department
(ED) and at each subsequent inpatient or outpatient encounter. Specimens were collected
from both the wound center and adjacent skin. Culture-independent sequencing of the
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16S ribosomal RNA gene was employed to identify and characterize microbiota. Upon
presentation to the ED and time points immediately following, sample collection site
(wound or adjacent skin) was the most defining feature discriminating microbial profiles.
Microbial composition of adjacent skin and wound center converged over time.
Mechanism of injury most strongly defined the microbiota after initial convergence. Further
analysis controlling for race, gender, and age revealed that mechanism of injury remained
a significant discriminating feature throughout the continuum of care. We conclude that
the microbial communities associated with open fracture wounds are dynamic in nature
until eventual convergence with the adjacent skin community during healing, with
mechanism of injury as an important feature affecting both diversity and composition of
the microbiota. A more complete understanding of the factors influencing microbial
contamination and/or colonization in open fractures is a critical foundation for identifying
markers indicative of outcome and deciphering their respective contributions to healing
and/or complication.

4.2 Introduction

Open fractures, which occur either from blunt or penetrating trauma, are characterized by
disruption and exposure of the skin and soft tissue and an increased risk for wound
infection and delayed healing of the skin and bone [1]. The microbial milieu of a wound
may impact both local and systemic defense responses, tissue repair, and clinical
outcomes [2]. However, surveillance cultures taken at presentation have little predictive
value for downstream complication [3]. A major obstacle to identifying contaminating and
colonizing microorganisms in cutaneous wounds observed in orthopedic trauma is the
reliance on culture-based approaches that are standard in clinical practice. Culture-based
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methods are biased toward microorganisms that readily grow in isolation and under
artificial laboratory conditions [4,5]. Culture-independent molecular methods, based on
DNA sequencing of the gene encoding the prokaryote-specific 16S ribosomal RNA
(rRNA), provide greater resolution while eliminating biases associated with cultivation and
isolation procedures [6]. Using these methods, we previously demonstrated that cultures
severely underestimate microbial burden and diversity in open fractures and other types
of cutaneous wounds [7,8]. Sequencing-based methods may be useful for identifying
microbial biomarkers of clinical outcomes, including infection- and healing-related
outcomes [7,9,10]. Furthermore, understanding how wound- and patient-level clinical
factors vary with microbial colonization may reveal useful indicators of problematic
bioburden.

The vast majority of studies to date using culture‐independent methods for characterizing
wound bioburden have been cross‐sectional and in subjects with chronic wounds, where
factors such as age and diabetes significantly modify the host and its response to microbial
threats [11]. For example, the wound environment of a diabetic foot ulcer will be influenced
by neuropathy, altered glucose metabolism, and other pathologies related to diabetes
mellitus [9,12]. The nature of open fractures and the inherent continuum of care requiring
patient follow‐up enable longitudinal study designs. In other types of wounds, longitudinal
profiling revealed temporally unstable microbial communities, suggesting a major
limitation of cross‐sectional study designs [9,13,14]. Understanding the temporal
dynamics of all components of the acute wound environment, including the microbiota, will
improve our ability to effectively manage and treat them.
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Here, in a cohort of 52 subjects systematically sampled from presentation in the
emergency room and at all possible inpatient and outpatient follow‐up visits, we tested the
hypothesis that microbial community structure in an open fracture would evolve in a
manner depending on a blunt or penetrating mechanism of injury. Sequencing and
analysis of the 16S rRNA gene was used to: (1) define the long‐term temporal microbial
community dynamics of open fracture wounds and adjacent skin, and (2) analyze
microbial community diversity, composition, and dynamics with respect to injury
mechanism.

4.3 Materials and Methods

4.3.1 Study design

Fifty‐two patients with open fractures presenting to the University of Pennsylvania
Orthopaedic Trauma and Fracture Service were enrolled into the study. The study protocol
was reviewed and approved by the University of Pennsylvania Institutional Review Board
prior to the start of the patient enrollment. A modification of the informed consent process
was approved for this investigation to enable sample collection under emergent
conditions. Informed consent was obtained from all subjects enrolled in the study. Catch‐
All Sample Collection Swabs (Epicentre, Madison, WI) were used to swab the wound
center and the adjacent skin (5 cm away from wound edge) for microbiota. Samples from
all 52 patients were collected at all possible clinical encounters, starting in the emergency
department (ED) prior to debridement, irrigation, and cleansing of the wound.
Management was consistent across all open fractures, with immediate antibiotic
administration (48 hours of intravenous antibiotic including a third generation
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cephalosporin and an aminoglycoside for type II and III fractures) and early operative
debridement (within 8 hours for Type I and within 6 hours for Type II and III wounds).
Fractures were stabilized with either external or internal fixation depending on fracture
pattern and soft tissue envelope. Closure was performed based on type of wound and the
need for subsequent debridements. Samples were additionally collected intraoperatively
(OR), as well as during all follow‐up office (OF) visits or hospital admissions. Clinical,
demographic, and behavioral information was collected for each participant and is
summarized in Table 1.

4.3.2 Sequencing and processing of microbial reads

DNA was extracted from swabs as previously described [7,8]. Amplification of the V1‐V3
region of the bacterial 16S rRNA gene was performed as described previously [15].
Sequencing was performed at the University of Pennsylvania Next Generation
Sequencing Core using V3 chemistry and 300 bp paired‐end reads. Controls included: (1)
genomic DNA of a mock community of 20 bacterial isolates in even concentration (BEI
Resources, Even Low Concentration, v5.1L) and (2) negative controls processed through
the DNA extraction, amplification, and sequencing pipeline exactly as swab specimens.
Sequences were demultiplexed, quality filtered, and paired ends were assembled using
PEAR [16]. Reads between 465 and 535 nucleotides long were retained. A total of
8,627,005 paired‐end sequences were considered in the analysis with an average of
18,086 sequences and a median of 15,706 sequences per sample. To normalize
sequence counts across samples, a single random subsampling of 1,500 sequences was
selected from each sample after singletons had been filtered out to maximize counts while
also retaining the most possible samples. To verify adequate community coverage of the
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filtered data, we calculated Good's coverage on samples in a similar rarefied dataset with
a depth of 1,500 sequences per sample drawing from all reads, including singletons that
were filtered out in our main analyses [17]. Good's coverage estimations yielded an
average of 0.932 with a standard deviation of 0.060, indicating that we were capturing
most of the community when subsampling at a low enough level to retain the most samples
for analysis. Sequence alignment, operational taxonomic unit (OTU) clustering, and
taxonomic assignment were performed with the QIIME software package [17]. Raw
sequences and metadata are publicly available in the NCBI Short Read Archive (SRA) at
BioProject Accession: PRJNA386669; the subsampled dataset of taxonomically assigned
reads

used

in

the

analysis

can

be

retrieved

from

FigShare,

DOI:

10.6084/m9.figshare.6139841.

4.3.3 Statistical analysis

The R computing package was used for data processing and statistical analyses. Principal
coordinates analyses (PCoA) were performed using the LabDSV R package to reduce the
high dimensionality of the data and easily visualize distances based on the most
differentiating features of the bacterial communities [18]. The axes (PC1 and PC2)
visualized from PCoA analyses were determined by the two eigenvectors explaining the
most variance within a multivariate matrix, as described in a 2003 review by Anderson and
Willis [19]. ANOSIM and PERMANOVA tests were employed to investigate the
significance of associations between factors and community structure. The ANOSIM test
was used in conjunction with the PERMANOVA test to control for differences in
assumptions and null hypotheses tested by each method [20,21]. ANOSIM and
PERMANOVA tests were performed with functions from the vegan R package and used
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999 permutations to calculate p‐values [22]. Wilcoxon rank‐sum tests were utilized for non‐
parametric comparisons of the relative abundance of taxa between groupings of samples
to produce p‐values that were then adjusted for multiple testing with the Benjamini
Hochberg false discovery rate (FDR) [23]. Bacterial genera were included in these tests if
they comprised an average relative abundance of at least 0.1% in the dataset being
considered. The genus level of identified bacteria was used for comparing relative
abundances of taxa. Plotting of data was performed with the ggplot2 R package [24].

4.4 Results

4.4.1 Defining open fracture wound and adjacent skin microbial colonization at
presentation

Fifty‐two subjects were enrolled into a longitudinal, prospective, cohort study to evaluate
the microbiota colonizing traumatic open fracture wounds using culture‐independent
methods. Table 1 summarizes the demographic and clinical status of the cohort. All 20
penetrating open fracture wounds were caused by gunshots while vehicular crashes, bike
accidents, and falls caused 30 of the 32 blunt open fracture wounds; 2 patients with blunt
open fracture wounds did not disclose the specifics of their injury. Microbiota samples
were collected at presentation to the ED, intraoperatively, and at each outpatient follow up
visit and/or inpatient admission. Swab samples were collected from the center of the
wound and from the normal, unobscured skin 5 cm adjacent to the wound edge.
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To set a baseline for longitudinal analyses, we first compared the microbiota of the wound
center to the adjacent skin upon patient presentation to the ED. The distances between
sample communities, as measured by the weighted UniFrac metric, which takes into
account the different bacterial lineages present and their abundances, were calculated to
broadly compare microbial community structure (25). Skin and wound center microbiota
were significantly different, as determined by a PERMANOVA test (p < 0.005) (Figure 1A).
Diversity, as measured by Faith's Phylogenetic Diversity (PD) metric [26] was significantly
reduced in the wound center compared to the intact adjacent skin (p < 0.005; Figure 1B).
The genus‐level taxa Corynebacterium, Staphylococcus, Finegoldia (q < 0.01), and
Anaerococcus (q < 0.05) all were found in significantly higher relative abundances in
adjacent skin compared to the wound center (Figure 1C).

4.4.2 Association of wound microbial community structure with clinical factors

Because the pilot study we previously conducted identified mechanism of injury, severity,
and location as significant factors associated with microbial diversity and/or composition
[8], we further investigated these associations. Neither injury location nor severity (as
measured by the Gustilo–Anderson classification [27] were significantly associated with
microbial community composition, Faith's Phylogenetic Diversity, or community structure
as measured by weighted UniFrac distance of samples collected at the ED time point.
There were significant differences in microbial communities when comparing mechanism
of injury between blunt and penetrating wounds (p < 0.05; Figure 2A). The adjacent skin
microbiota in blunt force open injuries was more diverse than the wound center microbiota
(p < 0.01; Figure 2B). Relative abundance of Staphylococcus, Anaerococcus, Finegoldia
(q < 0.05), and Peptoniphilus (q < 0.01) were significantly increased in the skin community
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compared to the wound (Figure 2C). In penetrating injuries, the adjacent skin samples
appeared to be qualitatively more diverse than the wound center samples, but the
difference was not statistically significant (p = 0.079; Figure 2B). Only the relative
abundance of Corynebacterium (q < 0.05) significantly differentiated adjacent skin from
wound microbiota in penetrating injuries (Figure 2C). Corynebacterium was also
significantly elevated in the skin communities of penetrating injuries compared to the skin
of blunt injuries (q < 0.01). These findings suggest that even at presentation to the ED,
mechanism of injury differentiates the microbiota colonizing open fracture wounds and
adjacent skin.

4.4.3 Microbial composition associated with mechanism of injury

During outpatient follow up visits, blunt and penetrating wound microbial communities
remained significantly distinct by the weighted UniFrac metric (p = 0.001) as seen in
Figure 3. Wound center samples continued to differ from skin samples (p < 0.05), but
sample site was less defining than mechanism of injury at these later time points. These
findings were apparent in a PCoA of the sample communities (Figure 3). The first principal
coordinate axis (PC1) visually separated the groups by mechanism of injury explaining
23.1% of the variance between all the samples. Comparatively, the second principal
coordinate axis (PC2), which visually separates the wound center samples from the
adjacent skin samples within each mechanism of injury, explains 11.1% of the variance.
In order to rule out potential discrepancies between standards of care between blunt and
penetrating wounds, we tested for an association of severity of the open fractures, which
could dictate the extent of treatment, with mechanism of injury, and did not find it to be
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significant (p = 0.68). More specifically, greater than 70% of the wounds caused by each
mechanism of injury were assigned a score of IIIA on the Gustilo–Anderson scale [2].

All patients with penetrating injuries racially identified as black, whereas subjects with blunt
injuries constituted a racially mixed cohort. To address this potentially confounding factor,
we performed a separate analysis that included only black subjects and found that the
mechanism of injury was still highly significant in separating samples by both ANOSIM
and PERMANOVA tests (p = 0.001). When comparing the two most prevalent races in our
study, black and white, in the subset of only blunt injuries, race was a less significant factor
by the PERMANOVA test (p = 0.005) and not significant by an ANOSIM test (p = 0.068).
All subjects with penetrating injuries also identified as male, which we addressed by
comparing the communities of both genders in blunt injury patients. Although gender was
found to be significant in differentiating samples from blunt injury patients by a
PERMANOVA test (p = 0.001), it was not significant by ANOSIM (p = 0.841). The
mechanism of injury in only male subjects was found to be highly significant by both
ANOSIM and PERMANOVA tests (p = 0.001), further recapitulating our overall finding.
Moreover, we further restricted our dataset to only include subjects identifying as black
males, yielding a subset of 6 patients with blunt injuries and 20 patients with penetrating
injuries. Mechanism of injury was again found to be significant in this much smaller subset
of 26 patients, indicating both that our findings were robust and demographics were not
biasing our overall conclusions (p = 0.001).

The average age of subjects with penetrating injuries was significantly lower than that of
subjects with blunt injuries (p < 0.001). We tested age‐related microbial associations by
binning office follow‐up visits into two groups based on the age of the subject at time of
111

admission to the hospital; 18–26 years old and 27–43 years old. These bins were selected
to include the most subjects while still maintaining similar compositions of subjects with
different mechanisms of injury in each bin. Independent of mechanism of injury, subjects
in the older group had significantly higher relative abundances of Anaerococcus and
Finegoldia (q < 0.05) in the adjacent skin samples and no differentially abundant genera
in the wound center when compared to subjects in the younger group. In penetrating
injuries, only Propionibacterium differed significantly, being present at a lower relative
abundance in adjacent skin samples of older subjects compared to younger subjects
(q < 0.05). Conversely, when comparing mechanism of injury in the younger group,
penetrating injuries had higher relative abundances of Corynebacterium (q < 0.05) and
lower relative abundances of Staphylococcus (q < 0.05) in adjacent skin samples. In the
older group, penetrating injuries had higher relative abundances of Corynebacterium in
both adjacent skin and wound center samples (q < 0.001) as well as lower relative
abundances of Clostridium (q < 0.05) in wound center samples.

4.4.4 Time‐ dependent dynamics of open fracture wound microbiota

Temporal dynamics and convergence between wound and skin microbiota were
calculated with weighted UniFrac distances between the wound center and adjacent skin
at each sampling date for each patient. Local polynomial regression (LOESS) was
performed on paired sample distances for each mechanism of injury, resulting in two
distinct regression lines with respective confidence curves representing the 95%
confidence interval of the regression (Figure 4A). The regressions were performed on
382 samples (or 191 paired adjacent skin and wound center samples), with the inclusion
criterion requiring at least two visits with paired samples per subject. About 44 subjects
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met this criterion; 29 with blunt injuries contributing 133 paired samples and 15 with
penetrating injuries contributing 58 paired samples. The 44 subjects had an average and
median of 5.5 visits included in the analysis with a range of 2–9 visits.

In penetrating injuries, the upper bound of the Loess line confidence interval dropped
below the baseline distance between all paired samples by day 45, indicating that the
wound center and adjacent skin microbiota had converged to more similar microbial
communities from the initial sampling. Over the 100 days following initial presentation, the
confidence interval of the regression remained below the initial sampling distance.

In blunt injuries, the upper bound of the confidence interval begins to closely trace the
baseline distance between paired samples near day 45 as well, but then begins to
increase with respect to the confidence interval of the penetrating paired samples,
demarcating a qualitative divergence between penetrating and blunt wounds. This
divergence demonstrated a delayed convergence between the communities of the
adjacent skin and the wound in blunt wounds compared to penetrating wounds. Although
the distance appeared to increase at later time points, this trend reflects a decrease in
total patients still receiving treatment, which produces a larger confidence interval due to
the corresponding decrease in paired sample distances on which to regress, as well as
bias from open fractures requiring later follow‐ups due to complications or delayed healing.

The convergence between skin and wound microbiota was further illustrated upon
examining individual patient profiles of microbial temporal dynamics. Subject 29 suffered
a blunt trauma open fracture and exhibited high levels of divergence between skin and
wound microbial communities until approximately 100 days postinjury. Both wound and
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skin microbiota were unstable at initial time points, with blooms of genera such as
Prevotella and Brevibacterium that are rarely found on healthy skin (Figure 4B). Relative
abundance of Corynebacterium gradually increased over time, until the last two visits in
which the wound remained fairly stable and more similar in composition to the adjacent
skin microbiota. This is in contrast to Subject 43 who sustained a penetrating open
fracture. The skin and wound center are markedly different in samples collected at the ED,
but then converged quickly during follow up time points (Figure 4C). This is reflected by
the community composition shifting towards a more frequently observed skin‐like
microbiota consortium, as evident in the increase in relative abundance of
Propionibacterium and Streptococcus. These trends are further illustrated by examining
longitudinal weighted UniFrac distances of the two subjects (Figure 4D).

4.5 Discussion

Here, we show that acute wounds resulting from open fracture are colonized with
microbiota distinct from that of the adjacent skin at presentation to the ED, followed by a
convergence of wound microbiota with skin microbiota over time. Additionally, we found
that mechanism of injury was associated with the microbiota as early as presentation to
the ED and continued to distinguish microbiota throughout the course of healing. We
further observed a faster rate of convergence of wound and skin microbiota in injuries
caused by penetrating trauma compared to blunt trauma.

Our finding of temporally converging wound and adjacent skin microbiota, while to some
extent expected, may be indicative of the healing process as the wound center begins to
attain a microbial community comprised of skin commensal bacteria. Few studies have
114

measured the dynamics of wound microbiota through longitudinal, serial sampling of the
wound. Our previous study of 100 patients with chronic diabetic foot ulcers underscored
the importance of longitudinal sampling to measure microbial community dynamics with
respect to the tissue environment, and stability was predictive of wound outcomes [9]. In
the present study, collection of a corresponding skin specimen adjacent to the open
fracture wound allowed us to measure the convergence of these two distinct
microenvironments while controlling for interpersonal variation of the microbiota. Although
our study intended to further associate convergence of the microbial communities with
complications such as nonunions and infections, our cohort only contained two patients
with observed and recorded nonunions and three patients with confirmed infections, two
of which recovered from their infections within two visits or less. We similarly did not find
any significant associations between other complications and factors such as
demographics or mechanism of injury given the sparse appearances of complications.

We analyzed microbiota with respect to clinical factors that are associated with outcomes
of open fractures: injury location, mechanism, and severity. Mechanism of injury robustly
associated with microbiota, immediately following injury and temporally. We found a
discrepancy in the rate at which convergence occurs between blunt and penetrating
wounds. Thus, we conclude that mechanism of injury may dictate a distinct microbial
community structure and also alter the time‐dependent community dynamics. These
findings were robust even after controlling for age, race, and sex in this cohort. We
speculate that differences in wound tissue, such as nutrient availability and oxygenation,
may drive differences in communities colonizing blunt and penetrating wounds.
Alternatively, the surrounding skin microbiota may also contribute in part to these
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differences. Further research is needed to define the mechanisms whereby microbial
community succession occurs in the acute wound environment.

The findings presented here will be instrumental in guiding future work to directly assess
the association between the microbiota and outcomes of open fracture wounds. First, we
demonstrate the importance of longitudinal study designs in capturing microbial
community dynamics. Cross‐sectional sampling of the microbiota can only provide a
snapshot of an ever‐changing microbial landscape. Second, future studies to directly
associate outcomes with the microbiome will need to control for mechanism of injury since
this variable is associated with the diversity and composition of colonizing microbiota.
Moreover, we demonstrate the utility of collecting a sample of the adjacent skin as a
baseline by which to measure the convergence of the wound microbiota while controlling
for interpersonal variation.
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4.8 Figures

Figure 1. Microbial communities of open fractures and adjacent skin at presentation
to the emergency department
(A) PCoA of the weighted UniFrac inter‐sample distances. Each point represents a single
patient specimen at the ED time point; one wound sample and one adjacent skin sample
from each patient are displayed where data is available. Distance between points
(specimens) is indicative of similarity/dissimilarity to other points (specimens). Color
indicates sample type (green=skin; blue=wound center). Shown are the first two principle
coordinates (PC1 and PC2), and percent variance explained by each coordinate is
indicated in parentheses by the axis. (B) Comparison of median microbial diversity as
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measured by Faith's Phylogenetic diversity metric (y‐axis) in wound center and skin
specimens (x‐axis). A higher metric value indicates higher microbial diversity. Upper and
lower box hinges correspond to first and third quartiles, and the distance between these
quartiles is defined as the interquartile range (IQR). Lines within the box depict median,
and whiskers extend to the highest and lowest values within 1.5 times the IQR. Outliers of
the IQR are depicted as dots above or below the whiskers. ***p < 0.005. (C) Average
relative abundance/proportion (y‐axis) of genus‐level taxa in open fracture wounds and
adjacent skin (x‐axis). Each color represents a different genus‐level taxa (identified in the
corresponding legend) and its average proportion in the overall sample type indicated.
Significant increases are indicated as **q < 0.01; *q < 0.05.
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Figure 2. Microbial communities of open fractures differs by mechanism of injury at
presentation to the ED
(A) PCoA of the weighted UniFrac inter‐sample distances. Each point represents a single
patient specimen at the ED time point; one wound sample and one adjacent skin sample
from each patient are displayed where data is available. Color indicates mechanism of
injury (purple, penetrating; orange, blunt) and shape indicates the sample type (circle,
wound center; triangle, adjacent skin). Shown are the first two principle coordinates, and
percent variance explained by each coordinate is indicated in parentheses by the axis. (B)
Alpha diversity, as measured by Faith's Phylogenetic Diversity index (y‐axis). Blunt and
penetrating injuries are depicted on the left and right panels, respectively. Boxplots were
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generated according to the methods outlined in Figure 1. **p < 0.01. (C) Average relative
abundance of bacterial genera (y‐axis) by sampling site and mechanism of injury.
Significant differences in adjacent skin microbiota according to mechanism of injury are
indicated by black asterisks. Significant differences between adjacent skin and wound
center samples within each injury category are indicated by white asterisks. *q < 0.05;
**q < 0.01.
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Figure 3. Microbial communities diverge based on mechanism of injury.
A PCoA of the weighted UniFrac distances between all samples collected at office follow
up visits. Points are colored by mechanism of injury, and circles represent the wound
center while triangles represent the adjacent skin. The centroids represent the average
coordinates of samples falling within four categories (blunt wound, blunt adjacent skin,
penetrating wound, and penetrating adjacent skin) and can be seen as larger points along
with error bars displaying the variance of each grouping. Each centroid contains two error
bars, representing the variances along both principal coordinate axes of each group of
samples.
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Figure 4. Microbial community convergence of the wound center and adjacent skin
over time.
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(A) Scatter plot of weighted UniFrac distances between the wound center and adjacent
skin microbial communities (y‐axis) over time (X‐axis). Purple and orange dots indicate
distances between each patient's skin‐wound pair for penetrating and blunt injuries,
respectively. Similarly, purple and orange lines represent a Loess curve fit through the
points of penetrating and blunt injuries, respectively. Shading represents 95% confidence
intervals of the Loess curves. By 100 days following hospital admission for the injury,
wound microbiota in penetrating wounds, became more similar in composition to adjacent
skin microbiota. The average distance at presentation to the ED was 0.403, indicated as
a dashed horizontal line. (B and C) Relative abundance of microbiota colonizing wound
center (“C”) and adjacent skin (“S”) in (B) Subject 29 who suffered a blunt injury, and (C)
Subject 43 who suffered a penetrating injury; x‐axis depicts sequential time points at which
microbiota was sampled. (D) Convergence between the adjacent skin and wound
microbiota for subjects 29 and 43. Weighted UniFrac distances between skin and wound
samples were calculated (y‐axis) and plotted over time (x‐axis) for each subject. Subject
29 (blunt injury) is depicted in orange; Subject 43 (penetrating injury) is depicted in purple.
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4.9 Tables
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Table 1. Cohort demographics and descriptive summary of sample dataset
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CHAPTER 5 - MICROBIAL COLONIZATION PROMOTES SKIN BARRIER FUNCTION
THROUGH ALTERING THE TRANSCRIPTIONAL PROFILE, STRUCTURE, AND
PHYSIOLOGY OF THE EPIDERMIS

The contents of this chapter are under preparation for submission for publication as:

Bartow-McKenney C, Uberoi A, Knight SA, Bugayev J, Flowers L, Meisel JS,
Horwinski J, Grice EA. Microbial colonization promotes skin barrier function
through altering the transcriptional profile, structure, and physiology of the
epidermis.

5.1 Abstract

The skin functions as the outermost barrier to physical and environmental insult and is
colonized by microbiota specialized to thrive in the cutaneous ecosystem. How skin
microbes function and interact with keratinocytes, the building blocks of the skin, to
maintain this barrier is unclear. To identify mechanisms of epidermal host-microbial
interactions, we conducted RNA-seq analysis and observed a significant shift to the
epidermal transcriptional profile of conventionally raised (CR) mice compared to germfree (GF) mice. Colonization of GF mice with CR microbiota for 2 weeks partially
rescued the epidermal transcriptional response. Gene ontology analysis indicated
enrichment in genes related to epidermal development, differentiation, and barrier
function. Specifically, lipid biosynthetic and metabolic pathways were differentially
regulated with concomitant shifts to the lipid profile of the epidermis. Additionally, genes
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encoding intercellular junctions such as corneodesmosomes and the proteases required
for their degradation as part of the desquamation process were differentially expressed.
These dramatic changes in transcription, together with studies of epidermal structure
and barrier physiology, indicate that microbes are necessary for normal barrier function
of the murine skin. Further investigation into what specific bacterial members participate
in this inter-kingdom communication, and what mechanisms underlie this communication
can benefit our understanding of bacterial commensalism, epidermal development, and
putative sites of ameliorative treatment for skin disease and disorders.
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5.2 Introduction

The skin is a barrier against desiccation, physical insult, and detrimental agents, be they
pathogenic or abiotic. (Baroni, 2012; Madison, 2013). A continual process of proliferation
and differentiation of keratinocytes into physiologically-distinct strata within the epidermis
allows for the formation of the stratum corneum, the most superficial layer of enucleated
keratinocytes and a primary site of environmental interaction. The corneocytes, or
terminally-differentiated keratinocytes, promote barrier function through undergoing
cornification and creating a lattice-like weave connected by intercellular junctions.
Additionally, the intercellular space within this lattice is occupied by the exuded contents
of lamellar bodies, lipid-rich organelles containing enzymes necessary for epidermal
maturation, contributing to inter-cellular lamellar bilayers as well as a more processed
lipid envelope surrounding corneocytes, thus further promoting a more hydrophobic and
proteinaceous environment (Candi et al., 2005).

Epidermal metabolism, differentiation, and desquamation create a generally inhospitable
environment for pathogenic and/or opportunistic organisms. However, previous studies
have elucidated the prevalence of diverse microorganismal communities inhabiting our
skin, now known as the ‘skin microbiome’ (Chiller et al., 2001; Grice et al., 2009; Findley
at al., 2013). The contribution of our skin microbiome to skin health, disease, and
disorder has been uncovered through multiple studies as sequencing technologies have
advanced, allowing researchers to capture culture-independent communities. The
structure and membership of the microbiota inhabiting our skin have been associated
with skin diseases and disorders, such as acne vulgaris, atopic dermatitis, and psoriasis
vulgaris (Fitz-Gibbon et al., 2013; Kong et al., 2012; Gao et al., 2008). Moreover, the
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skin microbiome has been implicated as a factor in the healing of both acute and chronic
wounds (Bartow-McKenney et al., 2018; Kalan et al., 2016; Loesche et al., 2018;).
However, commensal bacterial species and strains isolated from our skin have also
been found to be beneficial for skin health and preventing infection by pathogens (Bomar
et al., 2016; Cogen et al., 2010).

We have previously characterized a role the skin microbiome plays in whole skin
(epidermis + dermis) regulation and development by using germ-free (GF) mice to
identify shifts in gene expression induced by the presence of “conventional” and specificpathogen-free microbial communities in conventionally-raised (CR) mice (Meisel et al.,
2018). These findings illustrated a colonization-dependent up-regulation of genes
involved in immune responses, production of antimicrobial peptides, as well as an
expected enrichment for genes involved in epidermal development and differentiation.

However, the findings were limited in that the use of whole skin introduced higher degree
of cellular heterogeneity. Additionally, different DNA sequencing technologies and
depths were used, with our study opting for ribo-depletion in order to capture more noncoding RNA species and a larger depth to capture more of the transcriptome. Moreover,
the use of the third, mouse model with a reconstituted microbiome; a pseudointermediate phenotype, allows for validation of results through comparing relative gene
expression against two different models, as well as allowing for the granular analysis of
genes that change as a linear function of microbial exposure.

Here we address these limitations and expand upon these findings to investigate the
epidermal-specific response to colonization through a broader analysis of epidermal
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gene expression, skin barrier function, and skin physiology. We use gnotobiotic mice to
demonstrate that over 6,000 genes are differentially expressed in epidermis of GF and
CR mice. Further, we tested skin barrier function through measuring transepidermal
water loss (TEWL) in the back skin of GF and CR mice and found significantly different
rates of water loss. Further investigation of the pathways altered by colonization
revealed an increase in gene expression of epidermal structural proteins and
desquamation-associated proteases, which was recapitulated when scrutinizing skin
sections stained for important structural components or chemical activity of the skin.
Through a lipidomic approach, we also identified an altered overall lipid composition of
the skin, as well as specific lipid species that associated with colonization.

Altogether, these findings suggest a novel and important role for microbial colonization in
the development of a functional skin barrier. Further investigation into mechanisms
underlying the host-microbe axis in the epidermis will guide the development of novel
routes for promoting skin health and disease prevention.

5.3 Results

5.3.1: Microbial colonization promotes skin barrier function

The epidermis serves multiple functions, with the primary goal of promoting skin barrier
function. Measurement of transepidermal water loss (TEWL) provides a reliable
evaluation of barrier function, as injured or compromised skin loses more water through
the epidermis. TEWL was performed on the shaved dorsum of 8 C57BL/6 mice (n=4
each germ free (GF) and conventionally raised (CR)). Basal TEWL, as analyzed with a
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linear mixed effects model, was significantly lower in the CR mice compared to GF mice;
p < 0.001 (Fig 1A). We then disrupted the skin barrier of the mice through the use of
tape stripping until TEWL measurements of each mouse reached a value of 20 g/m 2/h.
TEWL was measured at 8 time points over a 25-hour period. TEWL measurements were
log-transformed to conform to a normal, or gaussian, distribution. This transformation
was validated through analysis of theoretical residual quantiles. Linear modeling
revealed that both time (p < 2.2e-16) and the interaction of time with colonization status
(p < 2.2e-16) were significant in determining water loss (Adj. R 2 = 0.937; p < 2.2e-16)
(Fig 1B).

5.3.2: Microbial colonization reprograms the epidermal transcriptome

To identify potential mechanisms of epidermal host-microbial interactions, we performed
RNA-seq on C57BL/6 mice of 3 different colonization states (n=8 mice each); CR, GF,
and GF mice colonized for two weeks with bedding from CR mice, or reconstituted with
microbiota (RM). To validate colonization status, 16S rRNA gene sequencing and
analysis was performed (Fig 2). However, it is worth noting that the microbial
communities on female skin had proportionately less Staphylococcus reads (11.0%)
than the communities on male skin (95.4%). RM skin microbiota more closely resembled
that of male CR mice, with abundant Staphylococcus spp., which was expected due to
the bedding from the male CR cage being used as the inoculating RM bedding.

In order to perform comparative analysis between GF, RM, and CR mice, RNAseq was
completed and three different DESeq2 runs were performed to compare differentially
expressed genes (DEGs) by colonization status. These three DESeq2 analyses are
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hereafter referred to by the following notation: GF/CR, GF/RM, and RM/CR, indicating
the two groups being compared. 6,105 DEGS were identified in the GF/CR analysis,
marking the largest transcriptomic shift (Fig 3A). RM/CR and GF/RM analysis exhibited
less dramatic shifts, yielding 3,437 and 298 DEGs, respectively. In order to ascertain the
impact a reconstituted microbiome has on gene expression, DEGs identified in both the
GF/CR analysis as well as the GF/RM analysis were further scrutinized. Of the 298
genes differentially expressed between GF and RM mice, 272 (91.3%) were also
differentially expressed between GF and CR mice. These genes were then analyzed for
pathway enrichment using the ReactomePA R package, revealing 7 enrichment
pathways involving a total of 23 genes (Yu & He, 2016).

The three most enriched pathways, as assessed by FDR-corrected p-values, were:
“Keratinization,” “Formation of the cornified envelope,” and “Developmental biology”
(p.adj = 1.189e-07; p.adj = 2.384e-07; p.adj = 9.812e-04, respectively). Of the 23 total
genes involved in all enriched pathways, 13 genes were shared across these three
pathways; including genes encoding desmosomal subunits, keratins, and enzymes
associated with epidermal differentiation: Dsc1, Dsg4, Dsp, Klk5, Krt33a, Krt78, Krt82,
Krt84, Krt87, Pkp2, Ppl, Tchh, and Tgm1 (Fig 3B). Dysregulation of many of these
genes are associated with skin pathologies, indicating an important role in skin
development and barrier function (Ishida-Yamamoto & Igawa, 2014). The remaining four
pathways, comprised of a shared set of four genes, were “Calmodulin induced events,”
“CaM pathway,” “DAG and IP3 signaling,” and “Ca-dependent events” (p.adj < 0.05).
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5.3.3: Colonization increases expression of structural proteins and associated
proteases that play important roles in epidermal differentiation and desquamation

Following the identification of genes involved in desmosomal and corneodesmosomal
structure (Dsc1, Dsg4, Dsp, Pkp2, Ppl, Tgm1) as well as their degradation (Klk5) in the
enriched pathways of DEGS identified in both the GF/CR and GF/RM analyses, we
further investigated the association between desmosomes and microbial colonization.
Corneodesmosomes are epidermal-specific intercellular junctions in the epidermis,
containing two classes of cadherins, desmogleins (DSG) and desmocollins (DSCs), as
well as plaque proteins including plakophilins (PKPs) and junction plakoglobin (JUP),
(Cirillo, 2014; Zhou et al., 2017). In the granular layer, corneodesmosin (CDSN), is
secreted and incorporated into the desmosome, demarcating the transition into a
corneodesmosome and one of the final steps of cornification.

We observed a significant increase in expression associated with colonization of the
genes encoding the core corneodesmosomal cadherins desmoglein-1-alpha (Dsg1a)
(GF/CR: q =2.678e-06 ; RM/CR: q = 0.02577), desmoglein-1-beta (Dsg1b) (GF/CR: q =
3.423e-04; RM/CR: q = 4.200e-03), desmocollin-1 (Dsc1) (GF/CR: q = 4.863e-06;
RM/CR: q = 0.08041; GF/RM: q = 0.04220), as well as corneodesmosin (Cdsn) (GF/CR:
q = 2.001e-08; RM/CR: q = 0.04646; GF/RM: q = 0.01834) (Fig 4A). This trend in
expression increasing with the duration of colonization was further seen in some of the
major corneodesmosomal plaque proteins including desmoplakin (Dsp) (GF/CR: q =
1.607e-22; RM/CR: q = 0.02068; GF/RM: q = 0.08102), envoplakin (Evpl) (GF/CR: q =
1.924e-10; RM/CR: q = 0.05758) and junction plakoglobin (Jup) (GF/CR: q = 0.01918).
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The two plakophilins with highest expression, Pkp3 and Pkp4, appear to exhibit an
inverse relationship whereby expression of Pkp3 was higher in CR mice compared to GF
mice (GF/CR: q = 2.146e-05) while Pkp4 is lower in CR mice (GF/CR: q = 0.006611;
RM/CR: q = 0.01637). Pkp3 exhibits an expression pattern similar to that of the other
genes encoding corneodesmosomal subunits and has been implicated in the distribution
and density of desmosomal junctions in epithelial tissues, including the epidermis, while
Pkp4, which has generally been associated with endothelial tissues, exhibits an
alternative relationship (Neuber et al., 2010; Choi et al., 2005). Moreover, expression of
the gene encoding transglutaminase-1, the enzyme responsible for cross-linking mature
corneodesmosomes to keratinocytes, was higher in both CR and RM mice (GF/CR: q =
0.002252; GF/RM: q = 0.006450).

Klk5, which encodes kallikrein-related peptidase 5, a serine protease responsible for
degradation of extracellular corneodesmosome subunits during desquamation, was
involved in the three most significant enriched pathways of DEGs identified in the GF/CR
and GF/RM analyses (Caubet et al., 2004; McGovern et al., 2017). As such, we
identified and analyzed additional epidermal differentiation-associated proteases,
including KLK7, caspase-14, cathepsin D, and prostasin, as well as lympho-epithelial
Kazal-type-related inhibitor (LEKTI), a serine protease inhibitor known to inhibit KLK5
and KLK7 (Ovaere et al., 2009; Igarashi et al., 2004; Deraison et al., 2007).

We observed similar patterns of expression to that of the genes encoding structural
proteins, in that expression of DEGs encoding the proteases was generally highest in
CR mice and lowest in GF mice with RM mice exhibiting an intermediate level of
expression; Klk5 (GF/CR: q = 9.587e-07; RM/CR: q = 0.03142; GF/RM: q = 0.0889),
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Klk7 (GF/CR: q = 0.004206), Ctsd (GF/CR: q = 0.02012; RM/CR: q = 0.09007), Prss8
(GF/CR: q = 1.405e-04). (Fig 4B). The expression of Spink5, the gene encoding the
protease inhibitor LEKTI, was not differentially expressed in any of the analyses;
however, further regulation through mRNA processing may exert variable levels of
inhibitory activity as the gene is known to encode at least three active isoforms
(Deraison et al., 2007; Tartaglia-Polcini et al., 2006).

5.3.4 Colonization alters epidermal-specific lipid metabolism

Acidification of the epidermis promotes skin barrier function, partially through creating an
inhospitable environment for exogenous microorganisms and enzymes (Madison, 2003).
However, the acidity of the epidermis requires strict regulation as many of the
extracellular proteins required for cornification, maturation of corneocytes, and
desquamation similarly rely on optimum pH values for their activity (Schmid-Wendtner &
Korting, 2006). Specifically, desquamation-associated regulation and subsequent
degradation of corneodesmosomes by KLK5, KLK7, and LEKTI requires pH levels
between 5 and 7 for optimal activity in murine epidermis (Lee et al., 2006). We assessed
the skin pH of 4 CR and 4 GF mice by taking at least 5 measurements of mice backs,
which had been sheared 24 hours prior. The average pH values of CR and GF mice
were 6.53 (SD: +/- 0.622) and 4.98 (SD: +/- 0.743), respectively (Fig 5A). Due to the
repeated measurements of each mouse, a linear mixed effects model was employed to
control for inter-group random effects; colonization status was significantly associated
with pH (p =0.002). In addition to regulation by pH, KLK7, as well as Cathepsin D,
require delivery to the extracellular space within the stratum granulosum via
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keratinocyte-derived lamellar bodies (Ishida-Yamamoto et al., 2004; Raymond et al.,
2008).

Lamellar bodies are also responsible for the secretion of extracellular lipids, such as
ceramides and other sphingolipids, as well as hydrolases necessary for their processing
and incorporation into the cornified lipid envelope and lamellar bilayers (Akiyama, 2017).
As such, we investigated the relative lipid content of skin from CR and GF mice (n=6
each) using High-Performance Thin Layer Chromatography (HPTLC) and densitometric
analysis. We computed Bray-Curtis distances on the relative lipid compositions between
all samples and colonization status was determined to be a significant factor (p = 0.007;
PERMANOVA test). Total lipid weight, normalized by sample weight, was not found to
be significantly altered by colonization status. The most abundant lipid class,
triacylglycerides (TAGs), were significantly higher in CR skin (q = 0.0130; FDR-corrected
Wilcoxon rank-sum test) (Fig 5B).

Ceramides were further scrutinized due to the importance of specific ceramide species
in upper epidermal structure, permeability, and water loss (Madison, 2013; Coderch et
al., 2003; Choi & Maibach, 2005). LC-MS/MS was used to detect a panel of common
sphingolipids (sphingomyelins and ceramides). Seven distinct classes of sphingolipids
were individually analyzed; separated by sphingomyelin or ceramide, sphingosine or
dihydrosphingosine backbone, and a saturated or monounsaturated acyl group. Of the
seven classes, the abundance of three were found to be significantly associated with
colonization status through linear mixed effects modeling of abundance dependent on
the interaction of distinct lipid species with colonization status (Fig 5C). Abundance of
sphingomyelin lipid species with saturated acyl groups containing either a sphingosine or
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dihydrosphingosine backbones were found to associate with colonization, independent
of interactions with distinct species (p = 0.0059; p = 0.0043, respectively). The
abundance of sphingomyelin species with saturated acyl groups and dihydrosphingosine
backbones, as well as ceramide species with monounsaturated acyl groups and
sphingosine backbones, was also significantly associated with the interaction between
colonization status and differences in distinct species (p = 0.0025; p = 0.0361,
respectively).

We next investigated glycerophospholipid (PL) classes due to their involvement in
membrane structure and lipid metabolism. PL compositions were similarly determined by
LC-MS/MS against a panel of common species including phosphatidylcholines (PCs),
phosphatidylethanolamines (PEs), and phosphatidylinositols (PIs); further explication of
the panel can be found in the Methods section.; PCs were significantly more abundant in
GF mice, while PEs were more abundant in CR mice (q < 0.05 for both, FDR-corrected
Wilcoxon rank-sum tests). Moreover, PC and PE were the predominant PL classes
comprising 93.3% (75.0% and 18.3%, respectively) of total glycerophospholipids, as
such we further investigated these PLs for further associations of colonization with PL
acyl groups. A subset of the most abundant and relevant PC and PE species was
selected based on a step-wise filtering criteria: detection in all samples, acyl groups in
the sn1 position of the PL comprising at least 1% of total PC and PE, and acyl groups in
the sn2 position present in at least 3 different PL species. Analysis of the fold-change in
these species revealed colonization-associated trends in the abundance of species with
specific acyl groups in the sn1 and sn2 positions, with sn1 acyl groups exhibiting the
most defined trends (Fig 5D).
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Linear mixed-effects modelling was used to assess the significance of colonization
status, as well as the interaction of colonization with specific lipid species, in determining
abundance of these PLs. In the sn1 position, the following acyl groups were significantly
associated with colonization: 16:0, 16:0e, 16:0p, 18:0, 18:0p, 18:1p (e: 1-O-alkylether; p:
1-O-alk-1'-enyl). The 16:0, 16:0e, 18:0 sn1 acyl groups, as well as 16:1, were also
significantly associated with the interaction of colonization and PL species. In the sn2
position, the 22:4 and 22:6 acyl groups were significantly associated with the interaction
of colonization and PL species; 22:4 was also significantly associated with colonization
independent of interactions. Very long chain, polyunsaturated fatty acids are especially
of interest given their antimicrobial activity (Mil-Homens, 2012; Desbois & Lawlor, 2013).

Following our discovery of colonization status associating with alterations to sphingolipid
profiles and abundances of very long chain fatty acids, we investigated expression of
genes involved in the production and maturation of acylceramides, epidermal-specific
ceramide species containing an additional fatty acid covalently bonded to a long fatty
acid chain by an ether bond (Fig 5E) (Kihara, 2016). They play an important role in
cornification as they are incorporated into keratinocyte membranes to form the cornified
lipid envelope (Grond, 2017).

We initially found that the two fatty acid elongases, Elovl1 and Elovl4, enzymes
necessary for acylceramide synthesis and skin barrier function, were both significantly
increased in CR mice compared to GF mice (q < 0.001) (Ohno, 2017; Elias, 2014).
However, we found that the genes encoding the acyltransferase responsible for TAG
synthesis (Dgat2) as well as the subsequent phospholipase responsible for the release
of an acyl group from the TAG for acylceramide synthesis (Pnpla1) were barely
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significant, or not all, in having higher expression in CR mice (q = 0.0584; q = 0.215)
(Senkal, 2017; Ohno, 2017). In order to assess a gene encoding a protein with more
specific function, we looked at Cyp4f39, the murine homolog to the human Cyp4f22
gene, which is responsible for hydroxylation of ceramide precursors to ether-bound
acylceramides (Rabionet, 2014; Ohno, 2015). We found that Cyp4f39 was similarly low
in significance (q = 0.05069), but also exhibited the same trend seen in all other
acylceramide synthesis genes explored, whereby qualitatively, and in some cases
significantly quantitative, highest expression appeared to occur in CR mice, with the
lowest expression in GF mice.

We finally looked at expression of Gba, or glucocerebrosidase, the gene encoding and
enzyme with multiple functions in ceramide metabolism, including the first step in
extracellular processing of glucosylacylceramides back into acylceramides, where
subsequent modifications incorporate them into the intercellular lamellar bilayers or the
lipids of the cornified lipid envelope developing around terminally maturing corneocytes
(Hirabayashi, 2017). We found Gba to be expressed significantly higher in CR mice
compared to GF mice (q < 0.001) as well as compared to RM mice (q < 0.05). Gba was
also expressed at a higher level in RM mice compared to GF mice (q < 0.05).

5.4 Discussion

Herein, we discuss the structural, biochemical and functional differences of epidermis in
mice that were either reared and colonized with a “conventional” microbiome or reared in
a germ-free facility for some, or all, of their lives. Altogether, we show that changes in
physiological properties represent a broad shift composed of microbial-associated
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modulation of host gene expression, lipid profiles, metabolic enrichment, and
intercellular structural development.

Previous studies have noted similar skin structure in GF mice, but few investigated
further beyond seemingly macro-structural similarities (Taurog, 1994). We observe a
significantly more robust barrier in the skin of colonized mice. Further, these shifts were
also accompanied by an altered lipid profile and transcriptome enhanced in processes
necessary for skin barrier formation and function. Epidermal lipids can be anti-microbial
as well as a source of carbon for bacterial metabolism, providing another putative source
of host or site specificity (Drake, 2008; Grice, 2009; Banas, 2013). Previous
investigations have identified lipolysis as important feature in human-microbiome
dynamics, with both beneficial and detrimental impacts on human health (Fava, 2006;
Bomar, 2016).

Here we present microbial colonization of the skin as an important factor in epidermal
development and skin barrier function. We demonstrate that GF and CR mice display
altered structural matrices, intercellular junctions, and desquamation-associated
proteolysis. Additionally, we also see a marked decrease of transepidermal water loss in
conventionally-raised mice alongside increased permeability, and a more
physiologically-viable pH. Notable follow-up analyses include studies whereby we plan to
take more histological approaches and use microscopy to more accurately describe the
structural changes on a cellular level. Further, we plan on utilizing engineered
communities of known bacterial species in an attempt to limit potential sources of
microbial signals, as well as begin to characterize taxa by their associations with facets
of skin health, such as barrier function and wound healing.
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Among our results, we see an enrichment of processes involved in skin development
and keratinization. Further analysis revealed structure and subsequent degradation of
corneodesmosomes, composition of lipids, and cornified lipid envelope maturation to be
sub-processes as putative mechanisms explaining the physiological differences we see
between mice of varying colonization status. Our acute colonization model (RM mice)
recapitulates a minor colonization-associated change in transcriptional profile. This
finding in particular raises the question of how early or how long colonization is required
to induce the impact colonization has on epidermal expression and function.

Overall, we recapitulate the magnitude of association between host gene expression and
microbial colonization that we previously published (Meisel, 2018). We further included
changes in lipid profiles, enrichment in gene expression of epidermal-associated
metabolic processes, especially those surrounding cornification and development of the
cornified lipid envelope, and physiological testing of barrier function, as to demonstrate
the broader impact microbial colonization has on host epidermal physiology. Altogether,
colonization appears to associate with a change or increase in regulation of some aspect
or most of the facets of cornification and epidermal differentiation, subjectively increasing
barrier potential of the host, and objectively increasing markers of host skin barrier
function.
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5.5 Methods

Mice and Rearing
Twenty-four 8-week old C57BL/6J mice were used in the studies under protocols
approved by the University of Pennsylvania Animal Care and Use Committee. Mice were
housed in the Penn Gnotobiotic Mouse Facility. Four males and four females were
analyzed per group and housed separately. The RM mice were placed in cages with
bedding taken from used CR mouse cages in order to colonize GF mice. After two
weeks, the mice were sacrificed at 10-weeks of age at which point the back skin was
sheared and collected for sample processing. RNA-seq and lipid analysis was performed
on this cohort. Two other cohorts of similar origin, each comprised of 4 CR males and 4
GF males, were used for either the pH testing or the TEWL analysis.

RNA Extraction and Processing
Excised skin samples were subjected to Dispase treatment at 37°C for 45 minutes to
separate the epidermis from the dermis. RNA extracted from the resulting epidermal
samples was processed and enriched for non-ribosomal RNA through ribo-depletion with
a TruSeq Stranded Total RNA kit (Illumina). Sequencing was performed at the University
of Pennsylvania Next-Generation Sequencing Core on the Illumina NextSeq Platform in
3 runs of 1x75 reads. The three runs were aggregated and then analyzed and aligned
against the mouse genome using AlignerBoost and STAR 2.5.3 (Dobin, 2013; Zheng &
Grice, 2016). The featureCounts program from the Subread package was used to attain
gene counts. DESeq2 and R were used for analysis of differential expression analysis
(Team RC, 2013; Liao, 2013; Love, 2014).
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Data Analysis
Further statistical analysis was contained to functions built into the R statistical
environment unless otherwise specified (Team RC, 2013). Visualization and data
manipulation were performed with the ggplot2 package (Wickham, 2016). Gene
Ontology and Pathway analysis were performed with default functions using the GOseq
and ReactomePA packages (Young, 2012; Yu & He, 2016). Linear mixed effects
modelling was performed with the nlme package (Pinheiro, 2013).

Lipid Analysis
Whole skin samples from the same cohort used in the RNA-seq experiment, sans RM
samples, were collected and snap-frozen before being shipped to Cayman Chemical for
three assays: composition of total epidermal lipids, composition of frequently abundant
epidermal sphingolipids, as well as composition of abundant phospholipids. These
assays used a Bligh & Dyer liquid-liquid extraction followed by injection into an LCMS/MS system for chromatographic peak identification. Lipid identification was
determined through combined use of HPTLC and densitometric analysis.

Physiological Testing
Mice used for TEWL and pH testing were reared according to the same criteria used in
the RNA-seq experiment. Mice were sheared 24 hours previous to measurements. For
TEWL, a tewameter was used to take a series of 3 measurements on the back of mice
at each timepoint. A minimum of 5 pH measurements were taken with a Skin-pH-meter
on the backs of each mouse
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16S rRNA Gene Sequencing
Bacterial DNA was collected from from skin swabs taken from the back skin of the mice
and purified with a Purelink Genomics DNA Mini Kit. DNA was PCR-amplifed at the V1V3 region of the bacterial 16S rRNA gene and then sequenced on the Ilumina HiSeq
platform. Taxonomic assignment and processing of microbial reads was performed with
HmmUFOtu (Zheng, 2018).
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5.8 Figures

Fig 1A: Transepidermal water loss (g/m^2/h) in CR and GF mice at basal level
Measurements (n=3) of water loss (measured in grams/meter2/hour) were taken for each
of the 4 mice in both GF and CR groups. Each box represents the variability in basal
TEWL for each mouse colored by colonization status. Box: 25th, 50th, and 75th
percentiles; Whiskers:1.5 * IQR.
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Fig 1B: Barrier recovery after injury as measured by TEWL
After reaching a TEWL value of 20 g/m 2/h through sequential tape stripping, recovery of
TEWL was measured over 26 hours. Each of the 4 mice of both groups had a
measurement at every time point, as plotted above. Regression lines represent the best
linear fit of the log-transformed data, the intervals represent the 95% CI.
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Fig 2: 16S rRNA gene amplicon reads recovered from swabs taken from the back
skin of mice at time of tissue collection
Each bar on the x-axis represents a skin swab; sex is denoted on the x-axis. The color of
the boxes represents the genus of bacteria; taxonomic identification was performed with
HmmUFOtu (Zheng, 2018). Genera classified and aggregated as “other” are taxa unable
to be annotated to the genus level; each taxa group comprised less than 1% of total
reads.
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Fig 3A: Differentially expressed genes identified in one or more comparisons
Each region within the graph represents the number of shared differentially expressed
genes corresponding to all overlapping comparisons.
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Fig 3B: Shared genes in top 3 enriched Reactome pathways
Genes including Desmocollin 1 (Dsc1) and Periplakin (Ppl) were identified as being
differentially expressed genes contributing to the top 3 enriched Reactome pathways.
Each point represents the log2-transformed fold change from either GF to CR (red) or
GF to RM (purple). The size of each point indicates the log-transformed q-value.
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Fig 4A: Expression of genes involved in the structure of corneodesmosomes
Each panel represents a different gene known to be involved in the construction of
corneodesmosomes or transglutaminases, enzymes known to act on subunits of the
corneodesmosomes within the membrane. Each box represents the gene expression of
all mice colored by colonization status. Box: 25th, 50th, and 75th percentiles;
Whiskers: 1.5 * IQR.
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Fig 4B: Expression of proteases active in desquamation and the epidermis
Genes encoding proteases, or Spink5, a protease inhibitor, that are active in the outer
layers of the epidermis were selected for analysis. Each box represents the gene
expression of all mice colored by colonization status. Box: 25 th, 50th, and 75th percentiles;
Whiskers: 1.5 * IQR.
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Fig 5A: pH readings of mice at basal conditions
A series of 5-6 measurements of pH were taken for each of the 4 mice in both GF and
CR groups. Each box represents the variability in basal pH for each mouse colored by
colonization status. Box: 25th, 50th, and 75th percentiles; Whiskers: 1.5 * IQR.
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Fig 5B: Composition of major lipid classes in murine back skin
Samples taken from the backs of the same mice used for RNA-seq were analyzed for
relative composition of major lipids. Each box represents the variability in densitometric
readings for each mouse colored by colonization status. Box: 25th, 50th, and 75th
percentiles; Whiskers: 1.5 * IQR.
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Fig 5C: Sphingolipid classes with acyl compositions significantly associated with
colonization
The acyl-chain moieties of sphingolipid classes, as defined by the backbone of the lipids,
were analyzed for an association with colonization, as determined by linear mixedeffects modeling. This model treated distinct acyl chains and inter-group variability as
factors, the latter as an attempt to control for the implicit bias created by modeling
compositional data with relatively few (4-6) distinct species.
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Fig 5D: Phospholipid acyl moieties are associated with colonization
This plot displays all phospholipids with the acyl groups displayed along the x- and yaxes, colored by the direction of higher abundance. This visualization was selected for
ease of viewing trends in adjacent lipids corresponding to closely related acyl moieties in
both the sn1 and sn2 positions of phospholipids, colored by the colonization status (CR:
red; GF: blue) where the phospholipid species was most highly abundant. Size of the
blot is absolute value of the log2-transformed fold change between colonization states.

-Axis legends. What is sn1 and sn2?
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Fig 5E: Expression of genes involved in the biosynthesis of acylceramides
Expression of genes selected for the importance in the production of acylceramides,
along with Gba, an enzyme that proteolytically cleaves glucosylacylceramides, allowing
for further maturation and integration into the cornified lipid envelope are displayed, with
each gene being displayed in an individual panel. Each box represents the gene
expression of all mice colored by colonization status. Box: 25th, 50th, and 75th percentiles;
Whiskers: 1.5 * IQR.
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CHAPTER 6 - CONCLUSIONS AND FUTURE DIRECTIONS

6.1 Conclusions

Altogether, this body of work sets up a background for understanding and analyzing hostmicrobe interactions in the skin, and further, shows how researching these associations
can be useful in translational and medical research. First, we outline the best practices for
conducting microbiome research in the skin, from study design to analysis, and the
underlying concepts necessary for interpreting the results. Second, we show the impact
of the methods used for analysis of 16S rRNA gene amplicons can make on interpreting
results by benchmarking commonly used tools alongside a novel tool developed in our
group. We present an objectively superior tool when considering accuracy, portability, and
scalability.

Next, we exemplify the underlying structure of a skin microbiome survey by analyzing the
wound microbiome in patients with open fracture wounds. Alongside longitudinal
modeling, we present a relationship between the convergence of a wound with healthy
skin and the convergence of their respective microbial communities. Additionally, skin
microbial profiles were associated with the mechanism of injury, specifically blunt (e.g. car
accident) or penetrating (i.e. gunshot). Lastly, we present a study of the natural, nondisease associated skin microbiome as it impacts the structure, physiology, and
transcription of the epidermis. We find a stark difference in the gene expression of germ free mice and conventionally-raised mice. Just as this gene expression is heavily enriched
in processes involving epidermal lipids such as ceramides, we too see a measurable
impact on the functional properties of the epidermis and composition of its lipids. These
174

findings suggest a deeper evolutionary relationship between our skin and the skin
microbiome, and implicate a shift in epidermal barrier function that would represent a much
larger magnitude of interactions between our epidermal cells, and the cells of the skin’s
microbial community.

6.2 Future Directions

In Chapter 4 we present an objectively logical finding, in that as the skin of a wound heals,
or becomes more similar to the “healthy” skin surround it, so too does the microbial
communities inhabiting these sites. However, when considered as a measurable proxy for
convergence of a wound with healthy skin, the microbiome represents an extension of our
skin health; just as visible closure of a wound might suggest a healing process, so too
does the similarity of the microbiome of the wound inhabiting the wound with the
microbiome of the surrounding skin. This of course raises the question of how involved
the microbiome is with the functionality and development of the epidermis, and finally, how
it may be playing a role in processes such as wound healing. Many further studies would
be needed to reach this point, but most of the needed techniques already exist for such a
study.

Utilizing ex vivo skin samples for wound healing assays alongside in vitro cultures of cells
that matured under either germ-free or colonized conditions. Moreover, such a study
would need to have various metrics with which to measure aspect of wound healings, such
as skin cell migration, distance between skin edges, and expression of canonical wound
healing signatures (Peake, 2014; Sherratt & Murray, 1990). As some degree of
colonization or interaction is required, young adults in animal models would be best suited
175

for testing wound healing conditions in skin that varies in its naivete towards microbial
communities. Ex vivo models could be employed given a large population of individuals
with similar demographics, such as students in a graduate school, willing to donate skin
punches. Alternatively, skin samples removed during debriding from acute hospital
wounds, similar to the collection method of skin swabs used in Chapter 4. These samples
could then be plated and differentiated by either an antiseptic and topical antibiotic
washing beforehand, followed by collection, as compared to a control of distilled water
being used to wash the site.

Revisiting the findings of Chapter 4, previous studies have found that microbial
communities in diabetic foot ulcers are more diverse and more dynamic in compositional
changes (Loesche, 2017). Further studies on this cohort found that medical interventions,
specifically debridement, could measurably alter the skin microbiome in wounds with
favorable outcomes (Kalan, 2016; Kalan, 2019). Such a set of studies, with additional
tangential questions such as the genomic content of species associated with positive
outcomes, or specific intra-community interactions that promote favorable interactions
with the host could begin to unveil the likely granular and multi-faceted pathways of
communication both between us and our microbiome, as well as within our microbiome.
Furthering these studies to more acute wound settings, such as the study explicated in
Chapter 4, may be more useful for questions of general host-microbe interactions, as well
as the evolutionary functions of organs like our skin, and the importance of both microbial
presence and composition. These questions would be more suited to answering questions
inherent to preventative healthcare, such as what interventions could be taken for
“stabilising” or even “engineering” our skin microbiome to protect against acute skin
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infections, or even cosmetically enhance us, if extended to scar formation in wound
healing.

On a more immediate note, another direction of interest would be the elucidation of all
mechanisms involved in the processes observed in the study described in Chapter 5. The
use of shared metabolic intermediates, alongside the skin receptor activity of the
epidermis whereby such intermediates can further enhance signals in cascading
metabolic pathways in the presence of specific lipid species, with the origin of this lipid in
question, be it host or microbe, being an additional question that could be better
understood through the use of radioactive labelling of specific metabolites of interest in
microbial growth media.

Additionally, a full set of metabolic panels should be run on mice in a study such as the
one described in Chapter 5, as to identify exactly what pathways are truly being
upregulated, as opposed to resorting to sparse lipid panels and gene expression alongside
enrichment analysis. Through the identification of the pathway affected, potential testable
mechanisms would be limited to a small set of receptors, enzymes, and reagent
concentrations. One such mechanism that could be explored is the aromatic hydrocarbon
receptor, a mechanism which would implicate tryptophan metabolism and specific
metabolite signaling in the modulation of the epidermal transcriptome. This receptor has
been shown to bind a variety of compounds from bacteria capable of inhabiting the skin,
so assuming this model to not be a novel pathway, it is likely that a larger set of bacteria
participate in communication using this channel with a larger set of putative metabolites
(Moura-Alves, 2014; Jounston, 2017).
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Lastly, further characterizing the “healthy” state of a skin microbiome and the skin that
hosts it would make all of the above studies both more informative, as well as more
meaningful given a valid “healthy state,” with which to compare other disease states
against. The elucidation of such mechanisms was started as an acute wound healing
association study in Chapter 4, as well as in a more comprehensive study of mice as
models for skin microbiome interactions in Chapter 5. Additionally, the prefacing chapter
outline the academic underpinnings of our understanding of these systems, in addition to
a suggested list of recommended methods and techniques for further scrutinizing of the
skin and its microbiome, a hotbed of evolutionary commensalism.
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